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Preface

Body Mass Index (BMI) has been widely used for the past few decades as a measure
of obesity and is highly used in epidemiological studies, classification, major inter-
ventional trials, and various guidelines related to obesity definitions and manage-
ment. It is also used in risk assessment for multiple health conditions. However,
several limitations and major concerns emerged regarding the use of BMI in clinical
practice. These limitations include its inability to differentiate between muscle mass
and fat, as seen in athletes with high muscle mass or in elderly populations with
sarcopenia. Using only body weight and height in its calculation, BMI also fails to
reflect body fat distribution, including central obesity, that has serious cardiometa-
bolic implications. Furthermore, BMI has been derived mainly from data on White,
non-Hispanic populations and therefore, it does not account for racial and ethnic
differences in the cardiometabolic risk assessment at a given BMI, such as the case
with the Asian population, for example. It also has other limitations, such as its
inability to read gender and age.

These serious limitations have been the focus of concern of major organizations such
as the American Medical Association, in 2023, adopting a new policy on the use of
BMI and its problematic historical harm, and potential use for racial exclusion.
Considering these many limitations of BMI, a group of 58 international experts in the
field of obesity, in their attempt to move away from BMI as the sole defining measure
in obesity, published an expert report in the January 2025 issue of the Lancet
Diabetes and Endocrinology Journal. This report provides a more useful classifica-
tion of obesity for practicing clinicians and introduces two new diagnostic categories
of pre-clinical and clinical obesity. Persons with clinical obesity, according to the
new classification, will have evidence of end-organ damage resulting from excessive
body weight, such as liver disease, chronic kidney disease, heart disease, diabetes,
and hypertension, as well as chronic lower extremity joint diseases. This timely and
rather revolutionary definition of obesity will reshape the field, with specific
diagnostic and therapeutic interventions that will be highly individualized, including
lifestyle interventions as well as pharmacological and non-pharmacological options
for obesity management.

In this volume, Body Mass Index in Clinical Practice, we assembled a group of
internationally recognized scholars in the field of obesity to address the changing
landscape of obesity, highlighting the implications of these new classifications on the
epidemiology, clinical, and therapeutic guidelines, with emphasis on the potential
betterment of the health of various minority groups. We also discuss the current
approaches to obesity in this new era that is heralded by innovative thinking
regarding clinical and pre-clinical obesity that reached pandemic proportions,
affecting nearly 1 billion individuals worldwide.



This book provides readers with essential knowledge ranging from epidemiology and
biology to modern, sophisticated tools for obesity measurement, as they relate to
special populations such as growing children and adolescents, pregnant and
menopausal women, and other populations commonly encountered in clinical
practice.

Samy I. McFarlane
Division of Endocrinology,
Department of Medicine,

Downstate Health-Sciences University,
Brooklyn, New York, USA
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This book provides readers with essential knowledge ranging from epidemiology and
biology to modern, sophisticated tools for obesity measurement, as they relate to
special populations such as growing children and adolescents, pregnant and
menopausal women, and other populations commonly encountered in clinical
practice.

Samy I. McFarlane
Division of Endocrinology,
Department of Medicine,

Downstate Health-Sciences University,
Brooklyn, New York, USA
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Chapter 1

From BMI to Biology: Advancing
the Science of Obesity
Mohamed Aly Elsherif, Yassmin Salaheldin Ibrahim and
Naira Elsherif

Abstract

Body Mass Index (BMI) has been the main tool used to define and classify obesity
in clinical practice. It links weight and health risk in a simple and reproducible
manner. However, the current understanding of obesity recognizes it as a complex
interplay of genetic, biological, metabolic, and psychosocial factors. This chapter
aims to trace the chronological evolution of BMI over the years. It was initially
developed by Quetelet in the 19th-century and later modified to be utilized by global
health authorities. Through a couple of clinical vignettes, we will highlight how
individuals with similar BMI values may differ significantly in metabolic health.
Additionally, we will emphasize BMI’s inability to distinguish between lean and fat
mass or delineate fat distribution. This chapter further explores the biology of
obesity, including genetic predisposition, hormonal appetite regulation, adipose
tissue function, and environmental factors. Furthermore, it addresses additional or
alternative assessment tools, such as waist circumference, dual-energy X-ray
absorptiometry (DXA), and bioelectrical impedance analysis (BIA), all of which
provide a precise assessment of body composition and cardiometabolic risk. The
Edmonton Obesity Staging System (EOSS) has been established as a measure of
staging obesity, keeping in consideration metabolic, functional, and psychological
disease toll. Finally, this chapter recommends shifting from a weight-centric to
a health-focused, patient-centered approach, emphasizing continuous monitoring,
multidisciplinary care, and precision medicine. BMI remains an important starting
point, but comprehensive assessment based on metabolic risk, functionality, and
health outcomes represents the future of obesity management.

Keywords: Body Mass Index (BMI), obesity assessment, adiposity, body
composition, Edmonton Obesity Staging System (EOSS), clinical obesity guidelines,
Patient-Centered care, obesity management, metabolic health, precision medicine

1. Introduction

For decades, bodymass index (BMI) has been the primary tool by which obesity is
defined and managed, offering a simple and practical measure that links weight to
health risk [1]. However, as we deepen our understanding of obesity and recognize it
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as a complex chronic disease, it becomes increasingly clear that BMI alone fails to
reflect the biological, metabolic, and psychosocial complexity of this disease. Two
individuals with the same BMI can have significantly different health statuses,
highlighting the limitations of this exclusively weight-based approach. This chapter
aims to explore the shift from BMI to biology and redefine obesity beyond body size,
toward a clearer, health-focused understanding that can better guide how we treat
and care for our patients.

2. Clinical vignettes

At a tertiary care center specialized in obesity management, two patients walk
into the clinic, both with a body mass index of 32 kg/m2. Although both are classified
as having obesity by WHO BMI guidelines, their health conditions may differ
significantly [2].

Mrs. L is a 52-year-old office worker who has struggled with progressive weight
gain since her adolescence. She has been diagnosed with type 2 diabetes, hypertension,
obstructive sleep apnea, and early osteoarthritis of both knees. Her waist
circumference is 110 cm, and liver sonography shows a large fatty liver. She feels
fatigued, complains of limited mobility, and overall poor quality of life. This scenario
delineates an example of obesity-related metabolic and functional complications.

Mr. J, in contrast, is a 29-year-old professional bodybuilder with a BMI of 32 kg/
m2. However, his physical and metabolic profiles are significantly different from
those of Mrs. L. Years of intensive training and strict nutrition have built a body
composed predominantly of muscle, with very little adiposity. His waist
circumference is 82 cm, his metabolic profile is normal, and his exercise tolerance is
exceptional. Despite having the same BMI, Mr. J does not have obesity as a disease.
Instead, he is metabolically and functionally healthy.

These two patient presentations highlight the fundamental limitation of BMI: it
cannot distinguish between fat and muscle, between subcutaneous and visceral
adiposity, or between health and disease. While BMI remains a useful clinical
assessment tool for patients with obesity, it fails to address the biological complexity
and heterogeneity of this disease [3]. To advance our understanding and treatment of
this condition, we must move beyond the basics of BMI and dive deeper into the
biology of obesity as a complex and multifactorial disease.

Over the next few sections of this chapter, we will shed some light on the history
of BMI in the clinical assessment of obesity, the clinical utilization and limitations of
BMI as an assessment tool. Moreover, we will discuss some existing and emerging
future alternative methods for evaluating and categorizing patients with obesity to
better reflect their metabolic and functional health.

First, it is valuable to reflect on the historical origins of BMI and trace its evolution
over the last two centuries prior to its adoption in contemporary medical practice.

3. Evolution of BMI throughout the years

The evolution of the BMI began nearly two centuries ago with the Belgian
mathematician and statistician Adolphe Quetelet. In the 1830s, Quetelet attempted to
define the characteristics of “the average man”. Through his observations, he concluded

Body Mass Index in Clinical Practice
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that human body weight tended to increase in proportion to the square of height [4].
Thereafter, he proposed that the correlation between weight and stature is equal to
weight divided by height squared (kg/m2). Initially, this measure was not designed for
clinical use but rather for population-based and epidemiological studies [4, 5].

During the late 19th and early 20th centuries, life insurance companies developed
height–weight tables to estimate mortality risk, recognizing that heavier individuals
often faced higher rates of chronic disease and premature death. These tables were
unrelated to Quetelet’s equation; however, they reflected a similar conclusion that
body size correlated with health condition and wellbeing [6]. Despite that, this
equation had not yet been utilized in clinical practice.

In 1972, the Quetelet Index was revised and renamed the Body Mass Index by the
American physiologist Ancel Keys, who published an influential Nature article titled
“Indices of Relative Weight and Obesity.” Keys and his colleagues compared various
weight-for-height formulas across multiple populations and demonstrated that the
Quetelet Index correlated most strongly with body fat and was, therefore, the most
reliable and practical indicator of weight [7]. Afterward, Keys coined the term “Body
Mass Index” and suggested using it as a simple measure in obesity research [8].

Over the following decades, BMI was adopted as a practical and cost-effective
tool for large-scale epidemiological studies. By the 1980s and 1990s, international
health authorities formalized its use for clinical purposes. In 1995, the World Health
Organization (WHO) introduced standardized BMI cutoffs to classify underweight,
normal weight, overweight, and obesity [9]. This provided a universal framework
that could be applied across populations, allowing for comparisons and global
surveillance of obesity. Around the same time, the U.S. National Institutes of Health
(NIH) and Centers for Disease Control and Prevention (CDC) also incorporated BMI
into their clinical and public health guidelines [10].

With these changes taking place, BMI became widely accepted and utilized in
medical practice, research, and clinical practice guidelines. It is currently used to
define and classify obesity, guide clinical interventions, and track the global
epidemiology of weight-related disorders. However, as the 21st century progressed,
the limitations of BMI have become more evident [11]. The use of BMI is limited by its
inability to distinguish between fat mass and lean mass, leading to confusion and
possible misclassification of muscular individuals as overweight or obese. In addition
to that, BMI alone does not account for ethnic differences in body composition, fat
distribution, or risk of cardiometabolic disease. As we can see from the examples in the
clinical scenarios above, two people with identical BMI values may have vastly
different health profiles. One has high muscle mass and excellent metabolic health,
while the other has significant visceral adiposity and insulin resistance, in addition to
other possible cardiometabolic complications [11, 12].

As of today, the scientific understanding of obesity is evolving beyond this single
numerical index. Researchers and clinicians are shifting toward more precise
assessments of fat distribution, body composition, and metabolic parameters.
Modern tools such as waist circumference, waist-to-hip ratio, dual-energy X-ray
absorptiometry (DXA), MRI, and metabolic biomarkers provide deeper insights into
morbidity risk and disease pathology than BMI alone could [13-15].

To understand the complexity of obesity assessment, it is crucial to dive deeper
into the biology of obesity as a disease. In the next section, we will be looking into
obesity pathophysiology, identifying genetic, hormonal, neurological, and gut-
related contributors to this complex disease.

From BMI to Biology: Advancing the Science of Obesity
DOI: http://dx.doi.org/10.5772/intechopen.1014540
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4. Understanding the biology and science behind obesity

Obesity is not simply an excess of weight; it is a chronic, relapsing, multifactorial
disease surrounded by a complex interplay of biology, behavior, and environment.
To move beyond BMI, we must examine the biological fundamentals that govern
body weight and energy balance.

4.1 Genetics and epigenetics

Obesity is a strongly heritable disease. Multiple family and twin studies have
demonstrated that 40–70% of the variation in body weight can be attributed to
genetic components [16]. Monogenic obesity is caused by rare single-gene mutations
that affect the leptin- melanocortin. It is characterized by severe, early-onset obesity,
sometimes in association with severe hyperphagia and the early onset of obesity-
related comorbid conditions. Polygenic obesity, in contrast, is an interplay of
hundreds of genetic variants, each contributing differently to weight gain and
energy regulation [17].

In addition to the genetic component, epigenetic modifications play a significant
role in weight changes. Exposure to certain modifiers, such as maternal nutritional
state, stress, or metabolic changes during pregnancy, can modify gene expression
and lead to a strong predisposition to obesity long before lifestyle and environmental
factors contribute [18].

4.2 Neurotransmitters and appetite regulation

Adipose tissue storage and weight changes are regulated by a finely tuned
neurobiological system that balances energy intake and expenditure [19]. The
hypothalamus, specifically the arcuate nucleus and the paraventricular hypothalamic
nucleus, acts as the chief appetite brain center, integrating signals from peripheral
hormones and nutritional input [20].

Leptin, an adipokine secreted by adipose tissue, signals energy sufficiency and is
involved in long-term energy regulation. In the overfed or obese state, the abundance
of leptin signals to suppress appetite and increase energy expenditure [19].

Ghrelin is a gastric hormone produced by the gastric fundus and is the only
known hormone that stimulates hunger. The signaling of ghrelin in the brain
stimulates the hypothalamic nuclei to increase appetite and reduce energy
expenditure. In addition, it has mechano- and chemoreceptors on the vagal nerve,
aiding in the stretching of the stomach in preparation for food ingestion [21].

Gastrointestinal hormones such as GLP-1, PYY, and CCK are secreted by
different parts of the gastrointestinal tract and work to stimulate satiety and slow
gastric emptying. These hormones are involved in short-term energy regulation, as
their secretion is governed by direct components of the ingested meal and signal
satiety as the meal arrives at the small intestine [22, 23].

In obesity, this system becomes dysregulated. Many individuals develop leptin
resistance, blunting the satiety signal despite high circulating levels of leptin [24].
Moreover, the brain’s reward pathways, driven by dopamine, can override the
homeostatic control of energy, driving hedonic eating in response to highly palatable
foods [25]. Obesity, therefore, is not simply a failure of willpower but a disruption of
the neural circuitry that evolved to defend body weight [24].

Body Mass Index in Clinical Practice
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4.3 Endocrine and metabolic pathways

Adipose tissue is not a passive fat depot but an active endocrine organ.
Visceral adipose tissue, located around internal organs, is metabolically active
and strongly linked to cardiometabolic complications [26, 27]. It produces
a wide variety of adipokines, including leptin, TNF-α, IL-6, and resistin, among
others. Such markers are involved in chronic low-grade inflammation, insulin
resistance, and further cardiometabolic complications. Dysregulated lipid
metabolism leads to ectopic fat deposition in the liver, pancreas, and muscle,
impairing their function and worsening insulin resistance. Thus, the
metabolic complications of obesity are determined not only by the amount of
fat but by its distribution and metabolic activity as well [27, 28]. On the
contrary, adiponectin, another adipose tissue product, has emerged as
a protective adipokine. Adiponectin enhances insulin sensitivity via AMP-
activated protein kinase (AMPK) and peroxisome proliferator-activated
receptor α (PPARα) signaling, promoting fatty acid oxidation and suppressing
inflammation. Therefore, it protects against endothelial dysfunction and
atherosclerotic processes and promotes healthy adipose tissue remodeling in
the liver, skeletal muscle, vascular endothelium, and the immune system.
Table 1 below shows a summary of some adipokines and their functions
[27, 28].

4.4 The gut microbiome

Recent evidence suggests that the gut microbiome plays a role in obesity
by influencing nutrient absorption, energy regulation, and systemic
inflammation [29]. Studies have shown differences in the gut microbiota of
individuals with obesity compared to lean individuals, with certain bacterial
types promoting more efficient calorie extraction from food. In addition,
certain microbial metabolites, such as short-chain fatty acids, interact with host
metabolism and influence appetite regulation [30]. There is still plenty of room

Adipokine Physiological function Clinical significance

Adiponectin ↑ Insulin sensitivity, ↑ fatty acid oxidation,
anti-inflammatory, anti-atherogenic

Protective against cardiovascular
risk, low in obesity

Leptin Regulates appetite and energy expenditure High obesity leads to leptin
resistance

TNF-α/IL-6 Pro-inflammatory markers, worsen insulin resistance High in obesity, marking adipose
inflammation

Resistin Induces insulin resistance and promotes chronic
inflammation

High in obesity, linked to
cardiometabolic risk

MCP-1 Attracts inflammatory monocytes and macrophages, pro-
moting adipose chronic inflammation

Reflects adipose tissue immune
activation

MCP-1 Monocyte Chemoattractant Protein-1

Table 1.
Adipokines and their functions.

From BMI to Biology: Advancing the Science of Obesity
DOI: http://dx.doi.org/10.5772/intechopen.1014540

7



for research on gut microbiomes, possibly aiding in the prevention or
management of obesity.

4.5 The environment

In addition to the complex interplay of factors explained above, the
environmental factors play a major role in weight changes. Environmental
influencers include early life events, exposure to certain chemicals, sedentary
lifestyles, and the ready availability of calorie-dense foods lacking nutritional value
[31]. The biological systems that once conferred a survival advantage in
environments of scarcity now contribute to weight gain in an environment of energy
abundance [32].

Taken together, these factors reveal obesity as a heterogeneous disease with
diverse biological changes. Two individuals with the same BMI may carry vastly
different risks depending on their genetic profile, fat distribution, and
cardiometabolic health. While BMI is convenient to use, it remains too simple to
reflect the complexity of obesity. Biology reveals a richer and more comprehensive
picture, one that calls for precision medicine approaches tailored to the individual
rather than a one-size-fits-all approach [32].

5. BMI as a diagnostic tool for obesity

BMI is the most practical and widely used anthropometric tool for categorizing
patients by weight in both clinical and research settings. It is defined as weight in
kilograms divided by the square of height in meters (kg/m2). BMI provides a simple,
cost-effective, and reproducible measure of obesity that can be applied universally
[1]. Table 2 below shows BMI categories for adults as standardized by theWHO [2].
These categories were established through epidemiological studies linking higher
BMI levels to greater risks of morbidity and mortality.

The adoption of BMI as a clinical assessment tool has been reinforced by several
international guidelines, recognizing it as a strong predictor of multiple chronic
diseases [33, 34]. Numerous studies have demonstrated that higher BMI categories
correlate with increased risks of cardiovascular disease, type 2 diabetes, certain types
of cancer, and overall mortality. BMI enables governments and health agencies to
track obesity prevalence, monitor long-term trends in weight, and guide public
health interventions [35].

Category BMI range (kg/m2) Clinical description

Underweight < 18.5 May indicate a nutritional deficiency or another condition

Healthy weight 18.5 – 24.9 Associated with the lowest cardiometabolic risk

Overweight 25.0 – 29.9 Increased risk for cardiometabolic disease

Obesity Class I 30.0 – 34.9 Moderate obesity may have early metabolic complications

Obesity Class II 35.0 – 39.9 Severe obesity, high risk of comorbidities

Obesity Class III ≥ 40.0 Very severe obesity is often associated with multiple complications

Table 2.
WHO BMI categories for adults.

Body Mass Index in Clinical Practice
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6. Utility and strengths of BMI in clinical practice

In clinical practice, BMI is an important first-line screening tool that directly
correlates with a patient’s weight [3]. It is quick to obtain or calculate and only
requires basic equipment. It is strongly associated with cardiometabolic risk and
is recommended to be performed annually in adults, along with waist
circumference, when possible, blood pressure, and basic laboratory tests [1, 35].
It is important to note that an elevated BMI is not considered diagnostic of
obesity-related disease; rather, it serves as a red flag to initiate a more
comprehensive evaluation. This evaluation typically includes laboratory
assessment (lipids, fasting glucose, liver enzymes), screening for metabolic
syndrome, and evaluation for conditions such as sleep apnea, osteoarthritis, and
depression [35].

BMI is used in the pediatric population as well, but with some adjustments. In
children and adolescents, growth and development considerably affect body
composition [36]. Therefore, BMI is plotted on age- and sex-specific growth charts,
with obesity defined as a BMI at or above the 95th percentile for age and sex. This
percentile-based approach allows clinicians to differentiate between normal growth
variation and clinically significant overweight [2].

The strength of BMI lies in its feasibility and reproducibility. It requires no
specialized equipment or technical training, making it practical and suitable in both
resource-rich and resource-limited settings. BMI is very practical in contrast to
other advanced body composition measures, such as dual-energy X-ray
absorptiometry (DXA) or magnetic resonance imaging (MRI), which require
technical training and may be operator-dependent. Furthermore, BMI categories
are familiar to both clinicians and the public, facilitating communication and
patient education. Taken together, these features have established BMI as
a cornerstone of both population-level assessments and clinical screening for
obesity [37].

7. Challenges and limitations of BMI

BMI remains essential for population health and the initial screening of obesity;
however, its clinical utility has several significant limitations that have become
increasingly recognized as obesity research has advanced and as precision medicine
has been developed to ensure individualized care [38, 39]. Some of these limitations
are listed below.

7.1 Lack of distinction between fat and lean mass

One of the most significant limitations is that BMI does not distinguish between
lean body mass (muscle, bone, organ tissue) and adipose tissue. As a result, an
athlete with high muscle mass may have a BMI in the overweight or even obesity
range, despite having a very low percentage of body fat and minimal cardio-
metabolic risk [38]. Conversely, older adults may develop muscle or bone mass loss
(sarcopenia or osteopenia) while gaining fat mass, and still have a “normal” BMI.
This scenario is not uncommon and may impose significant health risks that BMI
alone fails to detect [38].
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7.2 Failure to assess fat distribution

Regardless of body fat percentage, the location of fat storage plays a critical role
in metabolic risk. Visceral fat, stored within the abdominal cavity and around
organs, is strongly associated with insulin resistance, dyslipidemia, and
cardiovascular disease since it is metabolically active, secreting several
inflammatory adipokines (IL-6, TNF-alpha, etc.) [40], while subcutaneous fat is
less likely associated with chronic metabolic complications [39]. BMI provides no
information on fat distribution; consequently, waist circumference is now
recommended as an additional measurement in clinical practice. Indeed, large
studies have shown that waist circumference predicts cardiometabolic risk and
mortality more accurately than BMI alone. A patient with a normal BMI but
elevated waist circumference may have a higher risk profile than a patient with
elevated BMI but low central adiposity [39].

7.3 Age and sex variability

BMI does not adjust for differences across the lifespan or between sexes [41].
As an example, some elderly people may experience a decline in muscle mass or
bone density, leading to lower body weight despite increases in body fat
percentage. In such a scenario, BMI alone may underestimate obesity-related
risks in this age group [41]. Similarly, women generally have a higher
proportion of body fat than men at the same BMI, which may underrate
cardiometabolic risk if BMI is used solely [42]. These discrepancies indicate
that BMI cut-offs do not carry the same implications across all populations
[41, 42].

7.4 Ethnic and population differences

Another significant limitation of BMI is its inability to account for ethnic
variability. At a given BMI, body fat percentage and risk for developing metabolic
comorbidities differ markedly across populations [43]. For example, Asian
populations have higher body fat and greater metabolic risk at lower BMI thresholds
compared to Europeans. For this reason, WHO has suggested lower BMI cutoffs for
Asian populations (≥23 kg/m2 for overweight, ≥ 27.5 kg/m2 for obesity) [44]. To
date, there are no region-specific BMI cutoff values for defining overweight or
obesity in Middle Eastern populations. Such variability underscores the need for
population-specific cutoffs or the integration of additional measures into clinical
assessment.

Because of these limitations, BMI is best regarded as a screening tool rather
than a definitive diagnostic measure. It is useful for labeling individuals at risk
but must be interpreted in the context of other clinical and biochemical
data [36].

This multimodal approach in obesity management recognizes the complexity
of obesity as a chronic disease that extends far beyond a single number.
While BMI remains a useful and cost-effective measure in obesity screening, it
should not be used alone. Clinicians and researchers must integrate it
with complementary tools and consider the context of patients’ overall health
profile.
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Method Principle Accuracy Advantages Limitations Clinical use

BMI Weight/height2 Low for
body com-
position
analysis

Simple, uni-
versal, cheap,
well-validated
cut-offs

Does not dis-
tinguish
between fat
and lean mass,
ignores fat
distribution,
ethnicity, and
age

Screening for
overweight/obe-
sity in all
settings

Waist circumfer-
ence, WHR,
WHtR

Anthropometric
measures of
central adiposity

Moderate Cheap, quick,
reflects visc-
eral risk better
than BMI

Measurement
error, ethnic
variation, cut-
offs variable

Routine use
alongside BMI
for cardiometa-
bolic risk

BAI, BRI, ABSI Derived anthro-
pometric
formulas

Variable Non-invasive,
attempts to
reflect body
shape

Validation
inconsistent,
less used in
clinics

Research and
selected risk
stratification

Hydrostatic
weighing

Body density by
underwater
weighing

High
(research
standard)

Historically
used, accurate

Not patient-
friendly, poor
feasibility

Research
reference

Air displacement
plethysmography
(ADP)

Body volume by
air displacement

High Non-invasive,
suitable for all
ages

Sensitive to
hydration,
cost, and not
widely
available

Specialty cen-
ters, research

DXA X-ray attenua-
tion differenti-
ates fat, lean,
bone

High Relatively
quick, repro-
ducible,
widely studied

Size/weight
limits, radia-
tion, inter-
device
variability

Clinical
research, osteo-
porosis, obesity

CT X-ray imaging
with cross-
sectional
quantification

Very high
(gold
standard)

Precise quan-
tification of
visceral vs.
subcutaneous
fat, muscle

Radiation,
costly, size
limitations

Oncology,
sarcopenia

MRI Magnetic reso-
nance imaging

Very high
(gold
standard)

Excellent soft
tissue detail;
no radiation

High cost,
limited avail-
ability, and
long scan
times

Research, sarco-
penia, fat
distribution

Ultrasound Sound wave
reflection

Variable Portable,
radiation-free,
muscle/fat
depth

Operator-
dependent,
poor visceral
resolution

Bedside muscle/
fat assessment

8. Bridging the gap: Advanced methods in body composition assessment

To avoid excessive dependence on BMI as a sole measure for patients with obesity,
multiple advanced modalities of body composition have evolved and are currently
being utilized in clinical practice to ensure a comprehensive assessment. Table 3
below shows a summary of advanced body composition analysis modalities.
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Method Principle Accuracy Advantages Limitations Clinical use

Single-frequency
BIA

Electrical con-
ductivity esti-
mates TBW →
lean/fat

Low-
moderate

Portable,
cheap, simple

Inaccurate in
severe obesity
and edema,
hydration-
dependent

Community/
clinical
screening

Multifrequency
BIA

Impedance at
multiple fre-
quencies,
regional

Moderate-
high

Better for
hydration

Limited by
calibration

Weight manage-
ment, clinics

AI-based/3D
optical methods

Computer vision
and imaging
algorithms

Emerging,
promising

Non-invasive,
scalable,
inexpensive

Requires vali-
dation, device/
software limits

Future large-
scale monitoring

BMI Body Mass Index, WHR Waist-Hip Ratio, WHtR Waist-Height Ratio, BAI Body Adiposity Index, BRI Body
Roundness Index, ABSI Body Shape Index, DXA Dual X-ray Absorptiometry, CT Computed Tomography, MRI
Magnetic Resonance Imaging, BIA Bioelectrical Impedance Analysis, AI Artificial Intelligence.

Table 3.
Body composition analysis modalities.

8.1 Anthropometric indices and derived metrics

In routine clinical care, simple anthropometric measures can be used to enhance
BMI utilization. Waist circumference (WC), waist-to-hip ratio (WHR), and waist-to-
height ratio (WHtR) are established measures of central adiposity and are stronger
predictors of cardiometabolic risk than BMI alone. Among these, WHtR has been
recognized as the most valid method across populations, with a universal cut-off of
0.5, making it easy to apply in diverse clinical settings [45]. A tiered approach, using
BMI together with WC or WHtR in all patients, represents a reasonable clinical
solution.

8.2 Volume-based methods

Volume-based techniques are used to assess body density and estimate body
fat percentage using multi-compartment models. Hydrostatic weighing is limited
by its overwhelming procedure and poor patient compliance. Air displacement
plethysmography (ADP), represented by the BodPod, provides a user-friendly
alternative, offering quick, non-invasive measures [46]. These methods are most
valuable in highly specialized or research settings, where they can serve as
standardization models for validating simpler clinical tools. However, they
heavily rely on calculations of tissue density and hydration. Moreover, they are
costly and not widely available, limiting their practical use in clinical
settings [47].

8.3 Imaging-based modalities: DXA, CT, MRI, and ultrasound

Imaging has transformed body composition analysis by allowing the direct
assessment of fat, lean mass, and bone, as well as the differentiation of fat depots.
Below are some examples of these modalities.
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8.3.1 Dual-energy X-ray absorptiometry (DXA)

DXA produces accurate measurements of fat and lean mass with relatively low
risk of radiation and is widely used in clinical research. However, limited scanner
size and higher weight reduce its applicability in severe obesity [48, 49].

8.3.2 Computed tomography (CT) and magnetic resonance imaging (MRI)

These imaging modalities provide gold-standard assessments of visceral and
subcutaneous fat and skeletal muscle. CT involves radiation exposure, while MRI is
costly and time-consuming. Both can be challenging to achieve in patients with
severe obesity [50].

8.3.3 Ultrasound

Ultrasound is a lower-cost option for measuring subcutaneous fat and muscle
thickness. It avoids radiation but is highly operator-dependent and less accurate for
visceral adiposity [51].

8.4 Bioelectrical impedance analysis (BIA)

BIA estimates body composition by measuring the body’s resistance to electrical
currents. Being portable and simple to use makes it widely employed in clinical and
community settings. Unlike single-frequency BIA, which has limited accuracy in
cases of edema or altered hydration states, multifrequency BIA devices provide
greater accuracy by differentiating intracellular and extracellular water content [52].

Although the results of BIA may vary, it is still useful in patients’ follow-up
during their weight-loss journeys, given that machine standardization has been
performed [52, 53].

8.5 Emerging technologies: AI and optical imaging

Recent novel techniques provide noninvasive modalities for obesity assessment.
CT scans analyzed by AI enable precise measurement of fat and muscle masses.
Smartphone-based applications and 3D optical scanning tools are under
development to estimate fat percentage and distribution, with results comparable to
DXA. These techniques may provide better patients’ accessibility and more accurate
results [54].

Integration of these assessment tools into clinical practice should follow
a stepwise, need-based strategy. Clinicians can begin with anthropometric indicators
for baseline screening and risk stratification, then progress to BIA for monitoring
body composition changes over time. In patients with complex metabolic profiles or
unclear findings, densitometry or advanced imaging modalities (DXA, CT, MRI,
ultrasound) can provide deeper evaluation into fat distribution and muscle mass. AI-
assisted and optical imaging technologies can further enhance accuracy and enable
personalized treatment planning. This tiered approach ensures that assessments are
both clinically relevant and cost-efficient [50]. Table 4 below provides a suggested
stepwise approach to utilizing different modalities in clinical practice based on the
patient’s condition and management context.
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BMI is a useful and practical tool for detecting obesity due to its simplicity and
strong association with morbidity and mortality. However, it should be used as
a screening tool rather than the sole measure for obesity diagnosis. Combining BMI
with other measures like WC, laboratory investigations, comorbidity screening, and
body composition analysis gives a more comprehensive picture of a patient’s health
profile.

9. Integrating evidence-based guidelines into clinical assessment of
obesity

To avoid incorrect labeling of patients with obesity based solely on body shape or
size, it is crucial to incorporate other measures in clinical assessment.
A comprehensive obesity evaluation requires a systematic assessment inclusive of
anthropometric parameters, related comorbid conditions, physical functionality,
and psychosocial well-being. Such a multidimensional approach provides a more
accurate picture of the patient’s health and allows clinicians to better stratify risk and
guide personalized management interventions [55, 56].

9.1 Anthropometric measurements

For comprehensive obesity assessment, WC and WHtR should be obtained in
addition to BMI due to their better correlation with central adiposity and
cardiometabolic risk [45]. Cut-off values of WC ≥ 102 cm in men and ≥ 88 cm in
women are widely accepted, with varying thresholds among different ethnicities [1].

Clinical context Recommended method (s) Rationale

General screening (primary
care, public health)

BMI +WC/WHtR Simple, inexpensive, better cardiometa-
bolic risk stratification than BMI alone

Obesity management (sec-
ondary and tertiary clinic)

BMI +WC/WHtR + BIA or DXA Track body composition changes during
therapy; identify sarcopenia

Cardiometabolic risk
stratification

WC, WHtR, CT/MRI (for visceral
fat)

Central adiposity is strongest predictor of
risk

Bariatric surgery
candidates

DXA, BIA, CT (if available) Baseline body composition, risk
stratification, surgical planning

Renal/hepatic disease Multifrequency BIA, DXA Fluid shifts affect accuracy; need careful
evaluation and clinical correlation

Sarcopenia/cachexia (ger-
iatrics, oncology)

DXA, CT, MRI (where available),
Ultrasound (muscle thickness)

Quantify muscle mass and body
composition

Community/public health
monitoring

BMI +WHtR, AI tools Cost-effective, accessible for population

Pediatrics BMI for age +WC/WHtR +DXA Growth charts and accurate fat vs. lean
estimates for early obesity detection

BMI Body Mass Index, WC Waist Circumference, WHR Waist-Hip Ratio, WHtR Waist-Height Ratio, DXA Dual
Xray Absorptiometry, CT Computed Tomography, MRI Magnetic Resonance Imaging, BIA Bio-Impedance Analysis.

Table 4.
Suggested clinical contexts for body composition modalities.
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Body composition assessment adds depth to obesity evaluation and should be
routinely incorporated into the assessment of the disease.

9.2 Clinical evaluation of obesity complications

Full obesity assessmentmust be integrated with a systematic clinical evaluation of
obesity-related complications, including, but not limited to:

● Metabolic: Type 2 diabetes, dyslipidemia, metabolic dysfunction-associated
steatotic liver disease (MASLD) [57].

● Cardiovascular: Hypertension, heart failure with preserved ejection fraction,
atherosclerotic cardiovascular disease [58].

● Respiratory: Obstructive sleep apnea, obesity hypoventilation syndrome,
asthma [59].

● Musculoskeletal: Osteoarthritis, back pain, mobility impairment [60].

● Reproductive: Polycystic ovary syndrome, infertility, pregnancy complications
[61].

9.3 Routine laboratory investigations

These include fasting blood glucose or glycated hemoglobin (HbA1C), lipid
profile, hepatic and renal function tests. A hormonal panel, including thyroid
function tests, sex hormones, and cortisol levels, should be evaluated based on the
patient’s presentation and clinical picture. In addition, a basic profile of vitamin and
mineral levels is preferred based on the patient’s symptoms [62]. A sleep study and
echocardiography can be considered when symptoms suggest cardiopulmonary
involvement or in cases of severe obesity [63].

9.4 Functional and physical assessment

Functional health is an important component of obesity assessment, despite being
frequently overlooked. Tools such as the 6-minute walk test, grip strength
measurement, or mobility assessment can provide some understanding of the impact
of obesity on activities of daily living. In older individuals, it is highly recommended
to screen for lean mass loss using tools such as the SARC-F questionnaire and muscle
strength testing [64].

9.5 Psychosocial and behavioral evaluation

Psychosocial and behavioral factors are integral components of obesity
assessment. Screening for depression, anxiety, and eating disorders can be achieved
using tools such as the PHQ-9 and the Binge Eating Scale [65, 66]. A full dietary
history, physical activity assessment, and evaluation of sleep patterns provide a clear
view of lifestyle interventions. Motivational interviewing techniques are valuable for
assessing readiness to change and setting realistic goals [66, 67].
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10. Clinical staging of obesity

Obesity clinical staging systems were developed to provide a more individualized
risk stratification than BMI categories alone. The Edmonton Obesity Staging System
(EOSS) was proposed by Sharma and Kushner in 2009 and aims to classify obesity by
clinical and functional impact rather than weight alone Figure 1 [68]. Due to its
strong association with mortality and cardiovascular risk, it was validated and used
in combination with BMI to guide treatment intensity [68, 69]. The EOSS classifies
patients with obesity according to the metabolic, functional, and psychological
impact of the disease, ranging from Stage 0 (no risk factors) to Stage 4 (end-stage
disability) [68]. It was also adapted for the pediatric population (EOSS-P) since it
demonstrated superior predictability of health risk and individualized patient needs
compared to BMI [70].

Figure 1 below shows the components of the Edmonton Obesity Staging System.
Table 5 below shows the stepwise approach to obesity management based on the
patient’s EOSS.

10.1 EOSS in clinical practice

EOSS stage provides risk stratification and patient prognosis as it correlates with
all-cause and cardiovascular mortality outcomes, regardless of the BMI, in cohort
studies. Patients with EOSS stage ≥ 2 have shown higher mortality rates compared
with lower stages. Clinicians can use this to identify high-risk patients who need
urgent or intensive intervention [71].

EOSS is used to identify patients who may potentially benefit from conservative
management versus pharmacotherapy versus bariatric surgery earlier in the

Figure 1.
Edmonton obesity staging system. https://pmc.ncbi.nlm.nih.gov/articles/pmc8673483/.
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management. For example, a patient with a BMI of 33 but EOSS stage 2 may be
prioritized for more intensive therapy than a patient with a BMI of 36 who is EOSS
stage 0–1 [72].

When it comes to research and outcome measurements, EOSS provides clinically
meaningful results, surpassing weight changes. These results can be used to create
a database for research purposes and to track patients’ treatment progress
longitudinally, to obtain clinical outcomes [72].

MDCalc and several other available staging checklists and calculators help
clinicians record patients’ stages systematically during a consultation. These tools
determine the classification of comorbidities, mental-health issues, and functional
limitations under each stage [73].

10.2 EOSS strengths

EOSS helps in aligning treatment decisions with patient morbidity by directly
measuring the health burden associated with obesity, focusing on metabolic,
physical, and psychological complications rather than weight or BMI alone [68].
Moreover, multiple cohort studies and reviews highlight the ability of EOSS to
predict mortality and adverse outcomes. In addition, EOSS allows for a more patient-
centered approach, assisting clinicians in determining treatment intensity based on
the individual’s level of morbidity, ensuring more efficient and directed care
[68, 69, 71].

10.3 Limitations and practical caveat

EOSS has a few limitations despite being useful in clinical care. Different studies
use slightly different ways to define the stages, making it harder to compare results
and ensure consistency. Detailed medical information, such as laboratory testing,
sleep studies, and mental or physical assessments, which are not available in all
settings, are required to fulfill the EOSS system. Finally, EOSS is meant to

Stage Management approach

0 a) Identify weight-gain-promoting factors.
b) Advise lifestyle modifications.

1 a) Intensify lifestyle interventions.
b) Risk factor monitoring and follow-up.

2 a) Start obesity management, including behavioral, pharmacological, and surgical
interventions.

b) Monitor obesity-related complications.

3 a) Intensify the obesity treatment plan.
b) Promptly manage comorbidities.

4 a) Intensify the obesity treatment plan.
b) Consider additional management, such as occupational therapy, pain management, and

psychosocial support.

Table 5.
Management of patients based on Edmonton Obesity Staging System (EOSS).
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complement, not replace, BMI. While BMI is still needed for public health tracking,
EOSS helps guide clinical decisions and personalized care [68, 69, 71].

10.4 Our practical recommendations

1. Include a standardized EOSS checklist in patients’ assessment forms.

2. Offer staff training on linking medical, functional, and psychological issues to
EOSS stages for better consistency.

3. Record both BMI for body measurements and EOSS for clinical decision-
making.

4. Define the criteria used in research or quality improvement projects, includ-
ing lab values, diagnoses, and functional measures.

11. Monitoring and follow-up

Given that obesity is a chronic, relapsing condition requiring ongoing assessment
and monitoring, follow-up of patients with this disease is a cornerstone of efficient
management. Follow-up frequency and duration should be determined on an
individual basis, depending on disease severity, comorbidities, and treatment
intervention. Generally, initial follow-up is advised every 1–3months during the
active intervention phase to monitor treatment progress, adjust therapy, and provide
behavioral support. After treatment stabilization, clinicians can space follow-up
encounters to every 3–6months for long-term maintenance. Additionally, in case of
rising complications or unmet treatment goals, clinicians can offer appointment
flexibility for earlier review of the patient’s condition [74].

Practical measures during follow-up include [74, 75]:

● Tracking anthropometric measures and body composition, if available.

● Evaluating clinical outcomes (e.g., blood pressure, glucose levels, lipid profile,
liver function parameters) and functional status.

● Assessing psychosocial aspects of health, including mood, stress, sleep, and
quality of life.

● Reviewing medications that may contribute to weight gain or interfere with
weight loss.

● Reinforcing behavioral lifestyle interventions, including dietary habits and
regular physical activity goals.

● Adjusting treatment plans based on response and comorbidity status, including
pharmacotherapy or consideration of bariatric surgery or procedures.
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● Integrate telehealth options to improve patient compliance and enhance
follow-up.

● Encourage multidisciplinary collaboration, including dietitians, psychologists,
and exercise specialists.

● Develop patient education resources highlighting the chronic nature of obesity
and the importance of long-term patient commitment.

12. Shifting from a weight-centric to a health-focused model and future
directives in obesity management

To provide personalized and holistic care for patients with obesity, treatment
strategies should be tailored to obesity phenotype, behavioral patterns, clinical
comorbidities, and patient preferences rather than weight or BMI targets. Adipokines,
metabolomic signatures, and microbiome profiles are recent biomarkers that enable
clinicians to perform more precise risk stratification and apply personalized therapies.
In addition, digital health tools are becoming widely used in providing real-time
feedback and long-term support.When combining these advanced tools, clinicians can
merge obesity care with the principles of precisionmedicine. These modalities include:

Holistic, multidisciplinary, patient-centered care team including an obesity
physician or specialist, dietitian, psychologist, exercise physiotherapist, pharmacist,
as well as a bariatric surgeon whenever possible [76].

Novel biomarkers could improve diagnosis, prognosis, and treatment through
measuring fasting or postprandial metabolite panels. This will help to stratify
metabolic risk and predict liability for weight-gain or response to certain
interventions [77]. Adipokines, such as leptin and adiponectin, can provide
information on adipose tissue dysfunction and appetite signaling, which could assist
in risk stratification and tracking response [78]. On the other hand, microbiome
profiles and bile-acid signaling are associated with differential responses to diet,
bariatric procedures, and some drugs [77].

12.1 Precision medicine

Phenotyping can classify patients by dominant drivers to predict treatment
responsiveness. As an example, some patients may be appetite-driven, have insulin
resistance, or exhibit hedonic eating patterns. Others may have low energy
expenditure or hormonal dysregulation contributing to weight gain. In cases of
early-onset severe obesity with evident hyperphagia or atypical features, genetic
testing is valuable to detect rare monogenic obesity, and pharmacogenomics can
guide drug or surgical options. Individualized management options, including
pharmacotherapy and behavioral strategies aligned to phenotype and biomarker
profiles, will lead to enhanced response and minimal side effects [79].

12.2 eHealth interventions for weight loss and weight maintenance

Remote monitoring and wearable devices have been used to track activity, sleep,
and weight to provide objective behavioral data and trigger immediate interventions.
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Mobile apps can provide scalable behavioral changes, including goal setting, self-
monitoring, and problem-solving, all of which have been shown to be comparable to
face-to-face interventions [80]. Telehealth and online coaching can improve access,
support maintenance, and allow multidisciplinary virtual visits, overcoming
geographic limitations [81]. Recent studies showed that when combining AI
applications with pharmacotherapy, clinical outcomes are substantially improved.
Furthermore, the integration of biomarkers with real-time digital data can be
valuable in predicting relapse risk, recommending medication adjustments, and
prompting clinician outreach [82].

13. Implementation challenges and safeguards

Despite the promising effects of the proposed future modalities for diagnosis and
management, each comes with challenges limiting their practical applications. These
include, but are not limited to:

a) Biomarker testing and digital tools may widen inter-patient disparities, lead-
ing to inequity and potential bias in resource allocation [83].

b) Data privacy should be protected by keeping all information in secure records
that clinicians can access and by obtaining informed consent before using any
digital data [83, 84].

c) Clinician workflow should include decision-support tools within electronic
health records to reduce extra work, and teams should be trained to under-
stand biomarkers and digital data [83].

14. Ideal model of obesity management

An ideal model for obesity management has not yet been achieved; however,
integrating evolving approaches, such as multi-omics, precision medicine, digital
health, and AI assistance, represents a crucial step toward developing a more
effective and personalized model of care [79, 80].

A health-focused approach also plays an essential ethical and psychosocial role
by encouraging the reduction of weight bias and stigma. It shifts the view of
obesity care from a weight reduction focus to improving the overall health of the
patient. By concentrating on “health gain” instead of “kilograms lost,” clinicians
can help patients stay more engaged, confident, and committed to their
treatment, resulting in better health outcomes for individuals and the wider
community [76, 77].

15. Clinical versus preclinical obesity: A functional re-definition debate

The 2025 Lancet Diabetes & Endocrinology Commission’s statement
distinguishes between clinical and preclinical obesity, where clinical obesity is
defined as excess adiposity leading to considerable metabolic and organ
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dysfunction, while preclinical obesity denotes excess adiposity with preserved
physiological function. According to the statement, the diagnosis of obesity
requires quantification of fat mass through DXA, MRI, CT, or validated BIA, or at
least one anthropometric marker such as WC, WHR, or WHtR, rather than
relying on BMI alone [85].

The new redefinition has policy and public health implications and could expand
insurance coverage for anti-obesity medications and multidisciplinary care. Data
from the All of Us cohort showed that the application of the new definitive criteria
increased obesity prevalence from 42.9% to 68.6%, accounting for patients with
preclinical obesity and early risk of organ dysfunction. Individuals with preclinical
obesity exhibited a 3.3-fold higher diabetes risk and a 1.4-fold higher cardiovascular
risk compared to metabolically healthy, non-obese individuals, reinforcing the need
for early risk-stratified prevention [86].

Proponents of this new definition emphasize better diagnostic precision and aim
to eliminate stigma by identifying obesity as a pathophysiological disorder rather
than merely a body size description. However, critics argue that the surveillance of
obesity may be complicated by this newly proposed definition and that
reimbursement systems are still reliant on BMI [85, 86].

Implementation of this proposed concept of clinical and preclinical obesity
poses a few challenges in clinical practice, including accessibility limitations and
the high cost of imaging modalities, in addition to the inaccuracy of BIA due to
hydration and sex differences. In alignment with that, the KDIGO conference
noted the poor reproducibility of adiposity measures in patients with chronic
conditions associated with fluid retention. Furthermore, functional assessment
limitations include time constraints, training deficiencies, and persistent obesity
stigma [87].

To overcome these limitations, the American College of Cardiology (ACC) and
the American Heart Association (AHA) proposed the following stepwise diagnostic
approach:

a. Waist-based indices for screening

b. DXA or BIA for those with BMI < 35 kg/m2 or diagnostic uncertainty

c. Practical and cost-effective functional tests, including gait speed, six-minute
walk, and handgrip strength.

d. Integration of adiposity and functional data into patients’ electronic health
records allows for better monitoring and reimbursement decisions [88].

We recommend the combination of the new Lancet adiposity framework with
EOSS staging to enable better disease stratification and to guide tailored
intervention, keeping in consideration an individual’s functional capacity [85,
89]. This integration supports individualized intervention, including lifestyle
and behavioral therapy, in addition to pharmacologic or surgical interventions. It
also allows for early detection of individuals with organ vulnerability and
enables adiposity disease prevention. Additionally, this integration
supports a more reasonable health policy framework across all disease
spectrums [90].
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16. From willpower to biology

In conclusion, obesity is not a disease of willpower or personal failure, it’s
rather a complex, chronic disease driven by a congress of biological,
environmental, psychological, and social factors. Modern understanding of
biology has revealed that body weight regulation is influenced by multiple
neurohormonal and metabolic mechanisms that resist weight loss. Therefore, the
simple concept of “eat less, move more” as a treatment for obesity is never
sufficient. Managing obesity as a multifactorial and relapsing chronic illness
shifts the focus from blame to evidence-based care, emphasizing prevention,
individualized treatment, and long-term support. This understanding encourages
both clinicians and patients to move beyond weight stigma and toward
compassionate, effective obesity management that prioritizes health over
judgment.

Nomenclature

BMI Body Mass Index
GLP-1 Glucagon Like Peptide-1
PYY Peptide YY
CCK Cholecystokinin
WC Waist Circumference
WHR Waist-to-Hip Ratio
WHtR Waist-to-Height Ration
EOSS Edmonton Obesity Staging System
BIA Bioelectrical Impedance Analysis
DXA Dual Energy X-ray Absorptiometry
CT Computed Tomography
MRI Magnetic Resonance Imaging
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Chapter 2

The Impact of Body Mass Index on
All-Cause Mortality Worldwide:
A Mathematical Demonstration of
Clinical Bias Regarding Causal Risk
from Body Composition Measures
Angel Martin Castellanos

Abstract

Body mass index (BMI) defined obesity as characterized by excess fat mass (FM).
In associating BMI with mortality, different J-shaped curve patterns have been
repeatedly observed. However, BMI refers not only to FM but also to fat-free mass
(FFM). We aimed to demonstrate that differences between FM and FFM can mask
the use of any mean BMI. Novel mathematical and anthropometric considerations
about relationships between FM and FFM were explored. A review of studies on
millions of participants associating BMI and newer variables, such as the ratios and
mean differences between the two components, with all-cause mortality was
conducted. The means of all variables were newly pooled in each of six BMI
categories, separately by sex. If, after checking for associations, systematic
differences between FM and FFM remained, this indicated that body components
differed, and causality could not be assumed. A linear dose–response analysis of FM
and FFM with all-cause mortality was found. A significant difference in all
associations was demonstrated (p <0.001). A risk equivalence between BMI and FFM
only in underweight was demonstrated in either sex (FFM >90%; FM<10%; p
<0.001). In women with class III obesity, the same sensitivity for BMI and excess FM
was proven (FM% > FFM%; p < 0.001). In all means of BMI for the associations FM
and FFM were significantly different (p <0.001). In any BMI-associated risk,
a protective overestimate of FFM over FM consistently occurred. In all BMI cut-offs
repeatedly observed for defining population risk, the true causal risk always
appeared biased confusing clinicians for a long time.

Keywords: anthropometric, bias, body composition, body mass index, obesity,
mortality risk.
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1. Introduction

Obesity is a well-recognized major risk factor for cardiovascular disease (CVD)
and several health conditions that involve clinical practice and impact both all-cause
mortality and morbidity. Body mass index (BMI) has been widely used over the past
decades as a measure of obesity [1], related to excessive fat deposits that can impair
health. It is highly utilized in epidemiological studies, classification, as well as
international guidelines related to obesity definitions and management. Of
importance, a BMI in overweight/obesity ranges is associated with an increased risk
of CVD and other noncommunicable diseases such as diabetes, musculoskeletal
disorders, specific cancers, and even cardiovascular and cause-specific mortality
[1–15]. Moreover, being underweight is also associated with adverse health
outcomes, including diabetes, specific cancers, and other types of cause-specific
mortality [5–13]. Thus, a nadir of mortality has been shown in individuals within
normal weight (>20 to <25 kg/m2) or in overweight (≥25 to <30 kg/m2) ranges
[1–13]. Consequently, since last century, the relationship between BMI andmortality
in many epidemiological studies follows an unexpected U- or J-shaped curve
(“obesity paradox”) [1–15] that directly complicates the clinical application of BMI
to control holistic health. In other words, undernutrition statuses and overweight/
obesity have been associated with adverse mortality outcomes and different causes
of death, which may be visualized on the left and right branches of the different
curve patterns [1–17]. However, the excess mortality linked to normal–low or high
values of BMI may be considered a biased causal association if high-risk body
composition and real adiposity are not well compared beyond BMI [18, 19]. In this
approach, knowledge about human body composition turns out to be essential
because total body weight may be organized at a tissue-system level where the
adipose tissue or fat mass (FM) is a component, and the fat-free mass (FFM), which
includes muscle and bone masses as well as visceral organs and other tissues,
corresponds to the rest of body weight, constituting the other metabolically opposite
component [16–20]. From this insight, it is obvious that BMI includes two distinct
components relative to stature in squared meters. Expressed in this manner, BMI is
equal to weight in kilograms (i.e., FM + FFM) divided by height squared in meters.
Thus, FM index (FMI; i.e., FM/height (m)2) and FFM index (FFMI; i.e., FFM/height
(m)2) make up two indices that contribute to total BMI in unequal proportions
(FFMI ≠ FMI), either in healthy adults or in categories below class II and III obesity
(<40 kg/m2), in which FFMI is always higher than FMI [16–20]. In addition, it is well
known that BMI does not discriminate between FM and FFM (and their
distribution), nor does it distinguish between visceral and subcutaneous fat, or
reflect body shape or a risk volume per unit of height.

From another perspective, the relationships between body components, rather
than BMI, will ultimately shed themost light on this issue of mortality and health risk
[16–19]. Evidence supports that a high FM (within a moderate–high BMI) and
reduced FFM (within a low BMI and undernutrition) may be independently
associated with increased mortality, with both body components showing opposite
joint effects on all-cause mortality [10, 16–28]. It is clear that body composition is
highly variable among individuals identified with the same risk exposure level
based on their BMI [16–20]. Thus, regarding causal risk association, a more serious
clinical problem is that individuals with the same BMI can have widely differing
amounts of FM and FFM, with both factors conferring opposite health outcomes
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[16–20, 22–31]. In this issue, the mathematical relation of equivalence between the
two concerned components is a key concept for specifying whether FM and FFM
within BMI are the same with respect to a given risk when defining different BMI
categories. This is important because the concept of treating overweight or obesity
categories to reduce the risk of cardiovascular complications is becoming established
in clinical practice, irrespective of treating other obesity-related cardiovascular risk
factors, such as dyslipidemia, hypertension, and diabetes. Clinically, it is not the
same to lose weight and decrease FM percentage as it is to decrease weight and BMI,
especially when accompanied by a reduced total musculoskeletal component (i.e.,
the FFM component being decreased, and yet the total FFM percentage increasing).

To date, different studies have examined mortality risk in relation to body
composition measured directly (e.g., by using dual-energy X-ray absorptiometry or
imaging technologies) or indirectly (e.g., by using anthropometric prediction
equations or bioelectrical impedance), with research findings not entirely consistent
[16, 22–31]. Overall, although the relationships between FM and FFM with mortality
are still inconclusive, since BMI conceals the proportions of FM and FFM, it is
impossible to ensure any causal risk from a mean BMI used as the nominal difference
of a pre-post difference within a parallel group analysis, whether both components
present differences in the risk consideration between groups (or categories) in
a paired analysis being compared [18, 19]. Hence, only a rigorous interpretation of
the real risk expressed by BMI and the two intrinsically related body components
could avoid confusing or paradoxical information. An excessive FFM component in
individuals who have a high BMI and normal FM percentage should never justify an
increased health risk. Conversely, weight loss due to reducing FFM may lead to
a lower range of BMI and less proportional FM loss, and thus, mean or median values
of FFM and FMmay show opposing associations with all-cause mortality [16–18, 20,
22, 24–30]. The fact that being overweight may be associated with a higher
cardiometabolic risk and simultaneously show a lower all-cause mortality risk might
indicate methodological flaws due to between-group comparisons for different high-
risk body compositions [13, 18, 19, 32–34]. This is because the balance and
anthropometric risk consideration for the two body components within each BMI
category turn out to be key beyond traditional risk factors [16–19].

From mathematical observations in anthropometrically healthy adults and in
those with overweight and class I obesity, it is possible to say that anthropometrically
or technologicallymeasured FM and FFM always presented inequality [1, 16–24, 29,
32–34]. Thus, mathematically, FFM is usually higher than FM within BMI, and then,
any FM-to-FFM ratio (FMFFMR) is <1 (a proper abstract fraction, where the
numerator and the fraction never refer to a whole) [33]. So, BMI should not have
a univocal biological risk concept when assessing health outcomes, at least without
balancing the two components between groups being compared [18, 19, 32–34]. In
fact, the health risk depends on total body composition rather than any component
in isolation, which may or may not be statistically associated with the overall risk.
This is because each component is an inseparable part of the body’s structure, but
participates in the body composition of risk in a different way. This means that FM
and FFM may independently be associated with any health risk, while any BMI cut-
off may or may not indicate a true high-risk body composition.

We aimed to mathematically demonstrate that differences in body composition
from each BMI risk category can mask the use of any BMI cut-off when evaluated in
relation to all-cause mortality.
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2. Mathematical and anthropometric considerations regarding FM and
FFM within BMI

After the advancement of knowledge, by using weight, waist circumference, and
height, it is possible to predict FM [26, 27] for determining relationships with body
composition. Thus, predicted FM may be calculated using the validated sex-specific
anthropometric prediction equations developed by the NHANES [27]: For women:
FM (kg) = 11.817 + 0.041 × age (years) − 0.199 × height (cm) + 0.610 × weight (kg) +
0.044 ×WC (cm) + 0.388 (if Mexican) + 0.073 (if Hispanic) − 1.187 (if Black) + 0.325
(if other race). For men: FM (kg) = −18.592 − 0.009 × age (years) − 0.080 × height
(cm) + 0.226 × weight (kg) + 0.387 × WC (cm) + 0.080 (if Mexican) − 0.188 (if
Hispanic) − 0.483 (if Black) + 1.050 (if other race). Similarly, waist circumference
and height may be used for calculating a relative abdominal volume from the waist-
to-height ratio [19, 32–35] or, after validation by dual-energy X-ray absorptiometry,
these simple measurements may be used for estimating a relative FM [36], with both
abdominal volume and FM being linked to a high-risk body composition. Relative
FM can be obtained in agreement with the formula: 64 − (20 × height [m]/WC [m]) +
(12 × sex); sex = 0 and 1 for male and female, respectively [36]. FFM can be
calculated by subtracting FM from weight.

Of particular importance is the FMFFMR as well as its inverse (i.e., 1 divided by
FMFFMR = the FFM-to-FM ratio) because, in anthropometrically healthy adults,
both ratios mathematically are always <1 and >1, respectively, without it involving
any putative risk or protective effect, either by age, sex, or ethnicity. Additionally,
FM and FFM percentages never express equality for a whole as a mathematical
object, at least before class II–III obesity, where FM percentage is always <50% of
weight [16, 18, 33, 34]. Thereby, FFM > FM is a natural inequality that responds to
a linear equation as a true premise: FFM = FM + x (in kg), where subtracting FFM by
FM allows us to calculate “x” as a unit of mass (x = FFM – FM: x > 0), with its
standard value always being higher in men than in women [16–20]. On this basis,
only when “x” is mathematically zero is there equality (i.e., FFM = FM; FMFFMR = 1;
FFM-to-FM ratio = 1), and only then are FM and BMI risk equivalent for
representing a whole as a true conclusion [18]. This means that in any population
study pointing out a BMI risk cut-off above the underweight category, only those
individuals having an FMFFMR ≥ 1 and FFM-to-FM ratio ≤ 1 may present the same
overall risk as being a true premise. This is because at-risk individuals from a given
mean BMI may have an FMFFMR < 1 and FFM-to-FM ratio > 1, while being false
positives, and then, its BMI cut-off of reference appears with clinical
misinformation.

FM and FFM values with respect to total weight represent the same as FMI and
FFMI, respectively, with respect to total BMI. Thus, FM versus FFM, and FMI versus
FFMI, in kg and kg/m2, respectively, represent a corresponding percentage with
respect to 100% of weight and BMI, as appropriate. In addition, an “x” value, as the
difference between FFM and FM, corresponds to an “x” percentage as the difference
between FM and FFM percentages. In this approach, values, percentages, and ratios
for the corresponding variables express the same concept when assessing risk from
total weight or BMI, as appropriate; however, different “x” values may correspond to
equal “x” percentages, and vice versa. This is because initial “x” values and
percentages may or may not vary, respectively, with respect to different final
weights and BMIs. Thus, FM and FFM values may vary without it meaning the same
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variation in the final percentages, on which the true joint risk depends. Hence,
different beneficial or harmful pathophysiological variations for FFM and FM values
on health depend on genetic and acquired body composition, but any variation in the
FFM percentage mathematically affects the percentage of FM, and vice versa, and
thus, the causal risk measured from equal–different BMIs may correspond to
different–equal body compositions.

Epidemiologically, FM and FFM percentages are intrinsically related factors,
while being complementary and metabolically opposite parts integrating a unique
risk indicator, such as BMI, which does not differentiate the body composition of risk
that affects the entire organism. Moreover, variations in the values of one
component may or may not affect the percentages of both components.
Mathematically, we may have two situations at both ends of the BMI range (i.e., in
underweight [BMI < 18.5] and beyond class II–III obesity [BMI > 35 to > 40]),
where “x” values and percentages may be negative (x < 0), (i.e. a reduced FFM
contributing to the highest percentage of weight in underweight range or an
increased FM being higher than FFM in severe obesity) [1, 18]. First, in underweight
ranges, weight loss leads to reducedmusculoeskeletal mass, and FFMmathematically
must take a negative sign, irrespective of FM being low or even zero. In this situation,
FFM percentage is always higher than 50% of weight, and FMFFMR and its
inverse are < 1 and > 1, respectively; in mathematical terms: “x” = (−FFM) − (±FM):
“x” = −x: “x” < 0. This is because toward underweight ranges FFM usually decreases,
while being the largest contributor to final total weight; and FM hardly increases as
being low and the lowest contributor to final weight. Second, beyond class II/III
obesity, weight gain might lead to excess FM beyond 50% of weight, and the
inequality between FM and FFM (i.e., FMFFMR > 1 and FFM-to-FM ratio < 1) would
be fulfilled, but only then, in mathematical terms: “x” = FFM − FM: “x” = − x: “x” < 0
[18],. In this situation, high FM is directly associated with mortality and probably
largely causal, irrespective of FFM. Thus, any conclusion for the overall risk from
BMI and high adiposity may hold true in all individuals who meet that mathematical
criterion. In contrast, when in underweight range “x” is negative and FMFFMR < 1,
we find a low FM and reduced FFM (with a FFM-to-FM ratio > 1), which biologically
justifies that FFM may inversely be associated with mortality and probably largely
causal, irrespective of FM.Moreover, in underweight, FM and BMImay never be risk
equivalent from an FMFFMR < 1 [18]. In fact, only in collated underweight ranges
with an FM close to zero, FFM and BMI may mathematically be risk equivalent for
the same causal risk, and any conclusion for an overall risk from a mean BMI lower
than 18.5 kg/m2 (and low FFM) may hold true in all individuals, irrespective of FM
[17, 18].

Biologically, if in the risk assessment by excess FM an adjustment for FFM is
uncontrolled, any BMI cut-off could be prone to the generation of bias because of
between-group or between-risk category comparisons never accounting for the same
high-risk body compositions [18, 19, 32–34]. Of course, only in large studies
including enough participants and deaths at both ends of the BMI spectrum could
a demonstration of bias be completely verified. That way, causal association criteria
such as biological plausibility, consistency, sensitivity, specificity, and
anthropometric coherence from the body components within BMI would appear
fulfilled.

Unfortunately, the statistical models and outcomes of associating BMI with all-
cause mortality never captured this dynamic of causal risk, and the normal
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differences between FM and FFM were always omitted in all positive or negative
pathophysiological variations for BMI [18, 19, 33].

3. Theoretical causal risk from the relationships between FM and FFM
percentages within BMI across the entire risk spectrum

Despite FM and FFM being significantly different in anthropometrically healthy
individuals [18, 19, 33], a theoretical causal risk between zero (minimum) and 100 as
a whole (maximum) for FM and FFM percentages moving in opposite directions
would make it possible to capture a dynamic of mortality risk. As opposed to the
universal U- or J-shaped curve pattern for the association of BMI and all-cause
mortality, it is mathematically and epidemiologically possible to draw a linear
function (mortality risk line) for the ratios between FM and FFMwithin BMI, where
FM and FFM percentages show opposing causal associations across the entire risk
spectrum (i.e., as FM percentage increases, FFM percentage decreases and vice
versa) (see Figure 1) [17–19, 21–33]. In mathematics, from a linear equation (y =mx
+ b), the “m” slope canmeasure the change in FMFFMR (as the y variable) per unit in
BMI (as the x variable). That way, values for FMFFMR may be described in an
increasing line that goes from left to right between a minimum (value of zero) and
a maximum of risk (value of ≥1). In reverse, the FFM-to-FM ratio would quantify
a minimum (value of ≤1) at the top and a maximum risk (value of 100) at the bottom
in a decreasing line that goes from right to left, while BMI decreases (see Figure 1).
Thus, any line between two Cartesian points will always draw an “m” slope that
depends on the variations of FM and FFM (y-axis) within the variations of BMI
(x-axis) (i.e., m = Δy/Δx).

From this novel insight, in the underweight range after weight loss and having
a reduced FFM (FFM minus FM = “x” = −x), FM percentage would show the
minimum risk (FM = 0% – 1% of the weight) with an FMFFMR value of
approximately 0.0 or 0.01. At the opposite extreme, a maximum risk of 100 for FM
percentage as a whole would quantify an FMFFMR value of ≥1 (i.e., FM ≥ 50%;
FFM ≤ 50%), with this ratio being an improper fraction, and BMI directly depending
on the numerator (FM), while “x” is equal to zero or even negative if FM > FFM [18].
Of note, when FMFFMR = 1 (FM [50%] + FFM [50%] = 100% of weight), FM
percentage captures 100% of the risk for having the same sensitivity as BMI, and any
“x” value is always located in severe obesity. Similarly, when FMFFMR = 1, the “m”
slope in the linear equation is a squared diagonal with a value of 1, where the
y variable = x variable (i.e., FM and FFM within BMI have the same percentage and
the same risk consideration, and FMFFMR and BMI also have the same sensitivity).

As described here, at the end of the underweight range, FFM percentage
would quantify an FFM-to-FM ratio value close to 100 (maximum risk for FFM
percentage as a whole: FFM ≈ 100% of weight), whereas at the opposite end, the risk
is minimized by quantifying an FFM-to-FM ratio value of ≥ 1 (FFM ≥ 50%; FM ≤
50%), with the FFM-to-FM ratio still being an improper fraction. BMI is then
directly dependent on the numerator (FFM). Of note, when the FFM-to-FM ratio =
100 (FM = 0%), FFM percentage captures 100% of the risk, having the same
sensitivity as BMI. Mathematically, theminimum risk exposure level from FMFFMR,
being between 0.0 and 0.01, coincides with the maximum difference between FM
and FFM percentages (i.e., the highest “x” percentage being located in the
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underweight range). On the contrary, the maximum risk level from an FMFFMR
value of ≥ 1 coincides with the minimum difference between FM and FFM
percentages (i.e., “x” percentage being approximately equal to zero or even negative
if FM > FFM), with their “x” values always located in severe obesity. In this
approach, it is possible to find different body compositions of risk across the entire
risk spectrum, where causality depends on the joint effect of FM and FFM
percentages. Thus, only from equal ratios would it be possible to accept the same
causal risk measured from different BMIs, irrespective of age, ethnicity, and sex. In
light of this, under any segment of an epidemiological risk line for all-cause mortality
defined from a mean FMFFMR, either in normoweight or in high overweight/
obesity, it is possible to find a protective area for athletes and physically active
people, who may present healthier ratios by decreasing FM and increasing FFM
percentages, respectively, despite having high BMIs of theoretical epidemiologic
risk. Clearly, different FMFFMR values within the same or different BMI ranges can
modify any “m” slope of a segment of the line, where “m” may positively be > 0
(FMFFMR increasing in its variation), become horizontal (“m” = 0: FMFFMR
without experiencing variation), or even negative (“m” < 0: FMFFMR decreasing in
their variation; see Figure 1). Thus, in healthy adults from BMI > 18.5 up to BMI ≥ 30
being included, a higher final FFM percentage can involve a lower final FMFFMR,
and therefore, the linear function in that segment of the line describes a protective
area of lower risk and better prognosis. This means that from equal or different
BMIs, healthier FMFFMRs than those of the general mortality line might be
demonstrated in any population subcategory.

4. Methods of identifying sources and studies, and adding new variables

4.1 Study design

From a new insight, a research work was carried out focusing on a selection of
pertinent studies conducted over the last three decades to elucidate the relationships
between BMI and body composition measures with all-cause mortality in either sex.
Included studies for this investigation were identified through searches of PubMed,
Web of Science, Google Scholar, academic social networking sites, and references
from relevant articles. Searches included terms such as BMI and direct or indirect
measures of body composition and all-cause mortality, which were combined (last
search on June 25, 2025). A sufficiently large sample size was required, with
preference given to studies investigating ≥1,000 individuals, although studies with
smaller samples were not excluded. The investigation encompasses various study
types, with a particular focus on cohort studies aimed at exploring the mathematical
relationship of BMI and body composition measures with all-cause mortality. Thus,
the mathematical relations between FM and FFM within BMI were analyzed as an
original research from mathematically defined newer variables. This study was
designed to ensure a rigorous evaluation of the relationship between BMI and all-
cause mortality because of the mathematical issue described herein may itself be an
crucial factor that deserves greater attention.

On the contrary, while being an objective of mathematical demonstration that
operates with numbers, neither a structured review/meta-analysis nor higher
statistical power seems necessary. Thus, any study not seen in this research could be
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included in the method if any population mean BMI was associated with mortality, or
the body components could be associated and distributed by BMI categories. In the
analysis of the literature, some extensive reviews of the associations between body
composition measures and mortality [29, 34] showed that the majority of studies
found counterintuitive associations with the different body components. Many studies
have investigated the relationship of FM and measures of FFM with mortality, with
the majority of them reporting disparate associations. No study has investigated the
impact of the ratios and the differences between FM and FFM, yet total weight/BMI
change is associated with complementary changes in both components (i.e., the higher
the FM percentage, the lower the FFM percentage, and vice versa). Thus, equal–
different variations in both components may result in different–equal FMFFMRs and
“x” values, and subsequently in differentiated causal risks.

A synthesis of more than 25 relevant epidemiological studies, comprising more
than 1 million participants, was summarized in supplementary Table S1. From the
dataset and anthropometric characteristics reported in each study, the new variables
were mathematically extracted/calculated as appropriate. In this approach, each
study was reproduced, but with the addition of new pertinent variables that were
originally omitted.

4.2 Variables

From scientific information published elsewhere [1–27], all variables were
established in either sex. Six BMI categories were considered according to the
international consensus statement [1]. Similarly, six corresponding theoretical risk
exposure levels were established. From all studies associating BMI and body
composition measures with mortality risk, their means ± standard deviation (SD) or
medians were newly pooled for calculating the corresponding mean of means in each
BMI category. Thus, means or medians were distributed in each category from their
association level and classification into percentiles, tertiles, quartiles, quintiles, or
means and medians when available. From some studies, technologically measured
variables of body composition (e.g., by using bioimpedance, dual-energy X-ray
absorptiometry, or imaging technologies) were used in the pooled dataset [10, 16, 17,
21–30]. From other studies, FM and respective percentages were extracted from their
dataset or reproduced and calculated from validated anthropometric prediction
equations [26, 27, 36]. For calculation, all values were subsumed to any race and
average age. Values for FM percentages were taken from the dataset or calculated from
the transformation from unit of mass to FM percentage: FM%= FM × 100/mean
weight (kg). Values for FFMwere taken from the dataset or reproduced and calculated
by subtracting FM frommean total weight: FFM=mean weight − mean FM. Similarly,
mean FFM percentages were taken or calculated by subtracting FM percentages from
100% as a whole. FMI and FFMI variables were directly taken from studies or
calculated from mean, median, or BMI cut-offs once weight/height and FM/FFM or
respective percentages were known [22]. Mean FFMI was calculated by subtracting
FMI from mean BMI as a whole or 100%. Mathematically, a standard difference
exceeding 0.5 kg/m2 or p < 0.05 was taken to indicate a significant difference between
the total mean FMI and FFMI within any category or between categories.

Among the new variables, mean FMFFMR and FFM-to-FM ratio were calculated
from the mean values of FM and FFM. In this approach, if FMFFMR increased and
decreased between zero and a value of 1 (proper fraction) in the respective directions
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across the entire spectrum of BMI, similarly, the FFM-to-FM ratio (while being an
improper fraction) decreased and increased between 100 and 1 as appropriate. Then,
FM and FFM percentages showed opposing relationships with the causal risk [18, 33].
A specific modulus |x| was described as another new variable derived from the absolute
difference in means between FM and FFM. The total mean |x| measures the difference
resulting from subtracting the total mean FM from FFM in any BMI category [18, 19,
32–34]. Mathematically, a non-zero difference in means (i.e., a total mean |x| value of
>0: “x” > ± 0.5 kg, or “x” exceeding 1% of weight, or p < 0.05) would indicate an
unbalanced distribution for total mean FM and FFM within any BMI category or when
comparing between two or all categories. By deduction, if and only if the total means of
differences in two categories take the same value and different signs, the total mean |x|
of both categories equals zero (|x| = 0), validating its pooling in the same body
composition, despite having different BMI categories. Likewise, if two categories take
significantly different non-zero |x| values, both categories present different body
compositions. Thus, any significant difference from a non-zero mean indicates that
different |x| values were compared between two groups or categories, and therefore,
there is no equivalence in their body compositions and risk exposure levels [18, 19].

From all reviewed studies, all risk associations for BMI and different body
components were established from different measures of association, such as Cox
proportional hazard ratio models, sensitivity/specificity analysis, or other statistical
models. If, after checking the cut-off points for associations and comparing inter and
intragroups, systematic differences between FM and FFM remained, this indicated
that the high-risk body compositions between the groups and categories compared
differed consistently. Similarly, if ratios and |x| values or percentages appeared to be
associated with inequality between components, an over- or underestimation of one
measurement over another indicated a biased causal association from any population
mean BMI. By deduction, if in any BMI cut-off or nadir of mortality lying from
normoweight to class II/III obesity there was a clear significant difference between
both components in favor of the musculoskeletal component, the overall causal risk
was not assumed. Conversely, only in categories with a total mean FMFFMR < 1 and |
x| = −x or with a total mean FMFFMR >of 1 and |x| = −xwould wemeet risk criteria to
link low or high mean BMI, respectively, with causality, and results showing
opposing relations of FM and FFM to mortality.

4.3 Statistical analysis

All participants were pooled into the corresponding BMI category and risk
exposure level based on means, medians, or cut-offs from all studies. In the pooled
dataset, categorized by body composition measures, descriptive analyses for all
variables of interest were performed using analysis of variance (ANOVA) and
comparison of means with Bonferroni post hoc tests. The Student’s t-test was used to
compare the means of the variables between two continuous categories or even within
the same category. When comparing means within the same category or between
two continuous categories, other standard differences were also considered (i.e.,
a mean |x| modulus >0.5 kg or exceeding 1% of weight would be considered
a variable significantly different when comparing means between FM and FFM). All
variables were tested for normality using the Kolmogorov–Smirnov test. Based on
differences in body size, men and women were analyzed separately. Variables are
described in quantities, ratios, ranges, and percentages; quantitative variables are
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summarized with both the mean and SD. In hypothesis testing, the maximum rate of
type I error was set to less than 5%. The confidence interval (CI) was calculated for each
relevant variable. Data were analyzed using SPSS forWindows (IBM SPSS Statistics 20).

5. Results

5.1 Participant characteristics

In the review of studies with more than 30 million participants worldwide, all
mortality nadirs were found between normoweight (BMI > 18.5–20) and
overweight/obesity (BMI ≤ 30) for describing different U- or J-shaped curve
patterns, which have been repeatedly observed and published elsewhere [2–15, 17].
Generalized cut-off points for the association of BMI and the body composition
variables with all-cause mortality are shown in Table 1. All BMI cut-offs were
located in normoweight or overweight ranges. All variables showed inequalities
significantly different between FM and FFM when comparing both categories
(p <0.05). In any nadir of mortality for BMI, whether at normoweight or overweight,
a mean FFM > 50.5% and FM < 49.5% (i.e., a difference exceeding 1% of weight: |x|
>1%), mean FFMI > 15.25 and FMI < 14.75 (i.e., any difference exceeding 0.5 kg/m2),
mean FMFFMR <1, mean FFM-to-FM ratio > 1, and mean |x| > 0 (i.e., the absolute
difference exceeding 0.5 kg) may universally be endorsed from scientific knowledge
and our method [2–19, 33].

Variables Men Women Findings

BMI (kg/m2) 22.6 (1.2)–27.1 (0.7)* 22.2 (1.6)–26.5 (1.1)* Positive

FM (%) 25 (5.4)–29.8 (3.1)* 31.4 (4.9)–37.2 (4.3)* Positive

FFM (%) 76.1 (7)–69.9 (4.3)* 68.1 (4.4)–63.3 (4.5)* Inverse

FM/FFM ratio 0.34–0.42; <1* 0.46–0.59; <1* Positive

FFM-to-FM ratio 3.1–2.3; > 1* 2.1–1.6; > 1* Inverse

FFM − FM = |x| (kg) 33.6 (5.9)–32.1 (5.1)* 25.4 (3.3)–17.9 (7)* Inverse

FMI (kg/m2) 5.8 (1.5)–8.0 (0.7)* 6.8 (1.6)–9.3 (1.1)* Positive

FFMI (kg/m2) 16.7 (1.2)–19.0 (0.9)* 15.5 (0.5)–17.0 (1.2)* Inverse

|FFM% – FM%| (%) 50.3 (12)–40.0 (6.4)* 36.7 (9)–26.0 (9.6)* Inverse

BMI: body mass index; FFM: fat-free mass; FFMI: fat-free mass index; FM: fat mass; FMI: fat mass index; FMFFMR:
fat-mass-to-fat-free-mass ratio; |x|: modulus as the absolute difference between FFM and FM, which may mathemati-
cally be +x or −x (±x).
*Values are presented as total means (standard deviation) for each variable. Significance level at p < 0.05 between both
categories. Other standard differences here considered: |x| > 0.5 kg or > 1% of weight; differences between FMI and FFMI
exceeding 0.5 kg/m2 of BMI.
a. Measures of association through Cox proportional hazard ratio models and sensitivity/specificity analysis or other
statistical models were used in all studies to indicate which type of association was found to be appropriate.
b. BMI cut-offs in normoweight category are found in the nadirs of all-cause mortality, where FM versus FFM and FMI
versus FFMI are also significantly different.
c. Ethnically specific risk cut-offs are included in each range.

Table 1.
Generalized means in normoweight and in overweight categories for the associations of BMI and other newer
variables with all-cause mortality worldwide.
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Regarding body composition measures and BMI categories on more than
1 million participants, results after adding the new variables are shown in
Table 2. Only a few studies included data belonging to a few hundred subjects in
the underweight range. In most studies, subjects in the underweight range were

Variables UW: <18.5 NW: 18.5– <25 OW: ≥25– <30 IO: ≥30– <35 IIO: ≥35–39.9 IIIO: ≥40

TREL High Minimum Moderate High Very high Maximum

BMI
(kg/m2)

M: 15.4 (1.2)*
W: 15.4 (1.4)*

M: 22.6 (1.2)*
W: 22.9 (1.6)*

M: 27.1 (0.7)*
W: 26.5 (1.1)*

M: 32.1 (1.2)*
W: 32.1 (2.5)*

M: 35.0 (3.5)*
W: 35.3 (2.4)*

M: 50.5 (4.8)*
W: 53.8 (7.6)*

FM (%)* M: 7.4 (3.3)*
W: 8.0 (3.5)*

M: 25 (5.4)*
W: 31.4 (5)*

M: 29.8 (3.1)*
W: 37.2 (4.3)*

M: 35.2 (3.4)*
W: 44.3
(3.1)*

M: 33.5 (1.2)*
W: 48.7 (3.2)*

M: 45.9 (7.6)*
W: 59.3 (3.9)*

FFM (%) M: 92.8 (3.2)*
W: 92.0 (3.9)*

M: 76.1 (7)*
W: 68.1 (4)*

M: 69.9 (4.3)*
W: 63.3 (5.5)*

M: 65.8 (5.4)*
W: 55.5 (3.1)*

M: 66.5 (1.2)*
W: 51.2 (3.3)*

M: 54.0 (7.6)*
W: 40.6 (3.8)*

FMFFMR M: 0.07
(0.03)*
W: 0.08
(0.04)*

M: 0.34 (0.1)*
W: 0.46 (0.1)*

M: 0.42
(0.06)*
W: 0.59
(0.11)*

M: 0.54
(0.09)*
W: 0.80
(0.09)*

M: 0.50 (0.1)*
W: 0.95 (1.3)*

M: 0.87 (0.2)*
W: 1.4 (0.2)*

FFM/FM M: 17.8 (13)*
W: 15.5 (7.7)*

M: 3.1 (0.9)*
W: 2.1*

M: 2.3 (0.3)*
W: 1.6*

M: 1.8 (0.3)*
W: 1.2 (0.1)*

M: 2 (0.3)*
W: 1.0 (0.1)*

M: 1.2 (0.3)*
W: 0.7 (0.1)*

|x| (%) M: 85.6 (6.6)*
W: 84.0 (7.8)*

M: 50.3 (12)*
W: 36.7 (9.3)*

M: 40.0 (6.4)*
W: 26.0 (9.6)*

M: 28.7 (7)*
W: 10.0
(6.7)*

M: 33 (2.4)*
W: 2.4 (6.6)*

M: 8.1 (15.3)*
W: −18.7
(7.7)*

FMI
(kg/m2)

M: 1.1 (0.4)*
W: 1.2 (0.9)*

M: 5.8 (1.5)*
W: 6.8 (1.6)*

M: 8.0 (0.7)*
W: 9.3 (1.1)*

M: 11.4 (1.2)*
W: 13.8
(0.6)*

M: 11.7 (1.2)*
W: 17.2 (2)*

M: 23.4 (5.8)*
W: 32.0 (4.7)*

FFMI
(kg/m2)

M: 14.2 (1.3)*
W: 13.7 (1.5)*

M: 16.7 (1.2)*
W: 15.5 (0.5)*

M: 19.0 (0.9)*
W: 17.0 (1.2)*

M: 20.9 (1.2)*
W: 18.4 (2)*

M: 23.3 (2.3)*
W: 21.4 (5)*

M: 27.1 (1.2)*
W: 25.2 (3.4)*

FM (kg) M: 3.6 (1.4)*
W: 3.7 (1.2)*

M: 17.1 (4.3)*
W: 20.2 (3.3)*

M: 24.8 (3.8)*
W: 26.3 (2.8)*

M: 33.1 (3.1)*
W: 36.6
(3.2)*

M: 35.0 (6)*
W: 44.3 (6.6)*

M: 72.9
(18.2)*
W: 84.6
(11.7)*

FFM (kg) M: 46.6 (4.6)*
W: 44.4 (8.7)*

M: 50.8 (12)*
W: 45.6 (6.7)*

M: 57.0 (3.9)*
W: 46.5 (8)*

M: 62.7 (5.2)*
W: 46.0
(8.1)*

M: 69.5 (10)*
W: 45.0 (3)*

M: 84.3 (4.3)*
W: 58.1
(12.1)*

|x| (kg) M: −42.5 (4)*
W: −40.3 (9)*

M: 33.6 (5.9)*
W: 25.4 (3.3)*

M: 32.1 (5.1)*
W: 17.9 (7.2)*

M: 31.1 (7)*
W: 9.4 (6.9)*

M: 34.5 (5.2)*
W: 0.7 (9.6)*

M: 11.3
(21.8)*
W: − 26.4
(11.7)*

BMI: body mass index; FFM: fat-free mass; FFMI: fat-free mass index; FM: fat mass; FMI: fat mass index; FMFFMR:
fat-mass-to-fat-free-mass ratio; IO: class I obesity; IIO: class II obesity; IIIO: class III obesity; M: men; NW: normoweight;
TREL: theoretical risk exposure level from BMI; UW: underweight;W: women; |x|: absolute difference between FFM and
FM in kg or in percentages, which may mathematically be + x or −x (±x).
a. Values are presented as total means (standard deviation) for each variable, derived from the pooled analysis of means
or medians in all studies. Values were extracted or calculated by measuring the body composition of adults using different
anthropometric or technological formulas published elsewhere.
b. From some studies, FM versus FFM and FMI versus FFMI in underweight and in class II/III obesity may coincide with
the lowest and the highest percentiles-quintiles, respectively, while several thousand subjects were included in the
respective BMI categories.
c. Sums of differences in the percentages may not be 100% because of rounding.

Table 2.
Baseline characteristics of the variables in the pooled dataset by BMI category and TREL.
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excluded or not reported. Nevertheless, from the dataset or from data in their
figures, an approximate average for FM/FMI and FFM/FFMI in each study was
established, and the total mean for the difference between means of FM/FMI
versus FFM/FFMI was higher than 80% of weight/BMI in favor of FFM/FFMI in
either sex: Total mean FM <10% in men and 8% in women; total mean |x|
percentage of 85.6% in men and 84% in women: |x| >0 in either sex: |x| = −x; all p <
0.001 in either sex. In this issue, if the left branches of the U- or J-shaped curves
worldwide were plotted over thousands of subjects in correlation with increased
mortality risk; then, thousands of cases of cause-especific mortality were
distributed in the same underweight range. Millions of subjects in all studies
belonged to normoweight category. From studies that reported body composition
measures, a few hundred thousand participants were included in the
normoweight range; the total mean |x| percentage was of 50.3% and 36.7% for
men and women, respectively (|x| > 0: |x| = + x; p < 0.001), and being always in
favor of FFM/FFMI. Similarly, a total mean for FM percentage (25% for men and
31.4% for women) and for FFM percentage (76.1% and 68.1% for men and
women, respectively) were reported with a significantly difference (p < 0.001 in
both sexes). From here, a total mean FMFFMR of 0.34 for men and of 0.46 for
women in the normoweight range was established. In overweight and class
I obesity were contained millions of subjects who predicted all-cause, CVD and
cause-specific mortality from the different nadirs of BMI. From studies about
body composition, subjects in overweight/class I obesity showed a significant
difference between FM/FMI and FFM/FFMI (p < 0.001), and the total mean for
FM percentage was between 29.8% and 34.5% in men and between 37.2% and
44.3% in women. From here, the total mean FMFFMR was between 0.42 and 0.52
in men, and from 0.59 upto 0.80 in women. The total mean |x| percentage was
between 40.0% and 29.9% in men, and between 26% and 10% in women (all > 0: |
x| = + x; FFM% > FM%, all p < 0.001). In class II and III obesity, thousands of
individuals belonged to all-cause, CVD and cause-specific mortality from BMI
studies. A few thousands of participants with class II obesity and several
thousands with class III obesity were included among studies with body
composition measures, and the majority presented significant differences for the
total mean values of FM and FFM percentages in both sexes (p <0.001). Between
class I and II obesity in men, there was a gap in the partial trend line due to
a decrease in the mean FMFFMR and FM percentage (p ≤ 0.05) and increase in the
FFM percentage (p = 0.07) in class II with respect to class I obesity. In class III
obesity, the total mean |x| percentage was significantly different between men
and women, with a value of 8.1% for men (FFM% > FM%: |x| > 0: |x| = + x) and
of −18.7% for women (FM% > FFM%: |x| > 0: |x| = −x), and with total mean
FMFFMR values of 0.87 (<1) and 1.4 (>1) for men and women, respectively
(all p < 0.001).

5.2 Relationships between variables and all-cause mortality

Relationships between variables and BMI risk categories were plotted in
Figures 2 and 3. Scatterplots showing relationships between FMFFMR and |x|
percentage with BMI categories, separately by sex, were used. The position of
dots showed a linear dose–response analysis with a high R-squared value in all the
diagrams. The trend line for FMFFMR showed a strong positive correlation,
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while that of |x|% moving in the opposite direction showed a strong negative
correlation (see Figure 2). Regarding the partial trend, between class I and II
obesity in men, there was a gap due to a negative and positive slope “m” for
FMFFMR and |x|%, respectively (linear equations not shown). After comparing,
men with class II obesity presented a lower total mean FMFFMR (p <0.05) and
higher |x|% (p = 0.08) than those of class I obesity. The maximum risk from a total
mean FMFFMR > 1 was reached in class III obesity by women, but not by men.
A mean FMFFMR = 1 on the y-axis (“m” slope = 1) was already reached by women
before class III obesity, while in men with the same category, the mean FMFFMR
was lower than the unit, indicating a flatter slope than that of women (linear
equations not shown). The highest risk from a total mean FMFFMR close to zero
and total mean |x| > 80% in favor of FFM was reached in the underweight range in
either sex (p <0.001).

The stem-and-leaf plots for FM and FFM percentages showed a linear dose–
response analysis in either sex, with significant differences between FM and
FFM components either intra- or intergroups (all p <0.001; see Figure 3). FM and
FFM percentages showed positive and negative correlations, respectively, across
all BMI ranges. Between class I and II obesity in men (linear equation not shown)
FM and FFM showed a negative and positive slope “m”, respectively, for
indicating that class II obesity reached a lower mean FM% than that of class
I obesity (p = 0.05), while for FFM% occurring vice versa (p = 0.07). In women
with class III obesity an equivalent risk between FM% and BMI was reached
(total mean FM% > 50%; |x| = −x; p < 0.001). In men with class III obesity, the
total mean FM% was < 50% (p <0.001). An equivalent risk between FFM% and
BMI was reached in underweight range in either sex (total mean FFM% > 90%; |x|
= −x; p < 0.001). Relationships for FMI and FFMI in each category and sex (not
shown) were equal to those of FM and FFM, respectively, as expected (linear
dose–response; positive and negative correlation for FMI and FFMI, respectively,
and a gap in the trend line for men between the 4 and 5 categories; p < 0.001).

From real-world data in our results, the relationships between BMI and the new
variables of body composition, as well as mathematical conceptualizations for
understanding the true overall risk in predicting all-cause mortality, are shown on
a graphical abstract (see Figure 4).

6. Discussion

6.1 General observation

This research mathematically demonstrates that the causal impact of BMI on
all-cause mortality cannot be assumed from association measures in observational
studies because all BMI cut-offs were located between underweight and class III
obesity, and FM and FFM consistently showed inequality and non-risk
equivalence with BMI in all epidemiological studies. Since weight is the sum of
FM and FFM, it is impossible to ensure a causal risk from any BMI cut-off without
demonstrating equality between both factors (i.e., difference in means = 0;
FMFFMR = 1; “m” slope between FMFFMR and BMI = 1); and thus, only FM and
FFMmathematically having the same risk consideration [18, 19, 32, 33]. If FM and
FFM showed significant differences in favor of FFM within a total mean BMI,
any BMI-associated risk may be biased. This is mainly due to a protective
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overestimate of FFM with respect to FM when, in all BMI cut-offs referenced
[2–19, 22–33, 36–38] FM was always significantly lower than FFM, and therefore,
the risk value of the first is underestimated over the second. From a biological
viewpoint, only a higher BMI variability, in accordance with a significantly
increased central obesity and FM percentage, might be an accurate risk marker
for CVD and cardiovascular mortality [18, 19, 29, 35, 38–43]. In this line, it is
essential to understand that the biological risk may run in two opposing directions
over time [16–20, 22–30]. This is in consonance with a recent systematic review
and meta-analysis [13], where subgroup analysis, including diabetic patients,
showed a greater mortality risk in the highest BMI (>35 kg/m2) range. Besides,
among the elderly and diabetic patients, BMI values <20 kg/m2 were also
associated with the highest risk.

From our findings, in any type of mortality occurring from normoweight to
class III obesity in women [2–19, 22–31, 34, 37, 44–46], it is mathematically
possible to say that FFM always presented a protective overestimate over FM.
This is because, outside both ends of the BMI ranges, FM and FFM never reached
equality (i.e., all mean |x| values were >0; all FMFFMRs <1 and all differences
between FM and FFM percentages were >were 1% and <50% in favor of FFM),
and therefore, BMI and FM never being risk equivalent for a same causal risk
[16–19, 22–31, 34, 37, 45, 46]. Only women in class III obesity presented a total
mean for |x| percentage and for FMFFMR where mean FM was higher than that of
FFM (mean |x| = −x and FMFFMR >1, respectively), and therefore, BMI directly
depends on FM. This is coherent with a linear equation for women, where if
FMFFMR as the y variable = 1, the BMI value as the x variable is equivalent to
FMFFMR, and the “m” slope = 1, with both variables and values having the same
sensitivity and measuring the same risk. In reverse, in the underweight range,
BMI directly depends on FFM, and with FFM percentage being close to 100% of
weight in either sex, BMI captures the maximum risk with the same sensitivity as
that of FFM.

6.2 What studies tell us about associating BMI and body composition measures
with all-cause mortality

Evidence indicates that the relationship between the FM percentage, high
cardiometabolic risk, and specific-cause mortality risk on the right branches of
the U- or J-shaped curves is predominantly driven by its correlation with visceral
adiposity [18, 19, 32, 33, 35, 40–43, 47–53]. Similarly, from studies on myocardial
infarction, it is well known that BMI underestimates whole-body fat and
abdominal obesity as measured by relative abdominal volume and the waist-to-
height ratio [18, 19, 32–35, 40, 43, 47, 48]. Conversely, weight loss with a reduced
FFM and low BMI broadly impacts health and specific-cause mortality differently
compared to increasing the FM percentage and abdominal fat volume [16–19,
22–30, 47–52]. Specific-causes of death associated with low BMIs are located on
the left branches of the curve patterns [2–18]. Hence, if the association of BMI
with all-cause mortality has always presented different epidemiological cut-offs
between normal weight and slightly overweight or even upto 30 kg/m2 [2–18,
21–23, 29, 53], something is wrong when inferring causality from BMI alone. If
BMI is in itself a strong predictor of all-cause mortality both above and below an
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optimal range, BMI per se may not be the same causal factor for all-cause
mortality.

Among millions of participants, a nadir of mortality between normoweight
and 30 kg/m2 has been widely debated [2–18]. In many studies measuring body
composition, the mean or median FM and FFM always appeared significantly
different in all BMI categories and when dividing by percentiles, quartiles,
quintiles, and other classification criteria [18, 22–31, 34, 37, 45, 46] (see
Table S1). From the UK Biobank, after recalculating relative FM from waist
circumference and height, a causal association bias of BMI in predicting
myocardial infarction was already proven, while significant inequalities between
mean FM and FFM were mathematically demonstrated [18, 19, 34, 47]. Based on
the same technologically validated anthropometric equations [34], a cohort study
in a general Italian population was conducted on the association between BMI,
relative FM, and mortality [31]. Thus, the mean or median BMI in the Italian
population was in the overweight range in both sexes, while FM and FFM
percentages were also significantly different in favor of FFM (mean FMFFMR <1:
nadir for FM: 27.4 and 39.7 in men and women, respectively, both in the second
quartile). From these findings, only men and women with BMI >35 kg/m2, and
men in the fourth quartile of relative FM showed an independent association with
mortality, while women showed no association [31]. However, inconsistency may
exist since the underweight range is not represented, and men and women in
the first quartile presented a normal (23.9 ± 2.1) and high (34.3 ± 2.7) FM
percentage of <25% and >30%, respectively [31]. Thus, all women showed higher
mean FM and lower mean |x| values than those of men, but a causal association
bias occurred in either sex due to a protective overestimate of FFM over FM.
In another recent study about all-cause mortality from the UK Biobank data [29],
technologically measured FM-associated risk was concluded as not superior to
that of BMI, with the BMI cut-off also being in the overweight range in either sex.
Among the findings, FM (mean of 21.8 ± 7.8 inmen and 26.3 ± 9.6 kg inwomen) showed
a positive log-linear association in either sex, while appendicular skeletal muscle mass
showed a positive log-linear association for men and a curvilinear association for
women. However, after analyzing new anthropometric variables from the dataset, an
inequality betweenmean FM and recalculated FFM, as well as amean |x| value of > zero,
could also be proven. In this mathematical situation, the same FMFFMR may
correspond to different BMIs and different |x| values. However, BMI-associated risk was
established from a unique mean BMI [18, 19, 39], and therefore, FM and FFM never
have equality and the same risk consideration. Likewise, when classifying FM and
muscle mass in quintiles, frommean weight and height, it is mathematically possible to
calculate FMI, FFM, and FFMI. Under this analysis, the underweight range is not
represented, and the first quintile corresponds to normoweight in both sexes. Similarly,
the lowest values for FM, FMI, FFMI, and appendicular muscle mass may be found in
the same first quintile. From there, all values progressively increase to the fifth quintile,
where the highest values appear. Under this reading, FM and the musculoskeletal
component may be associated with CVD and mortality risk [18, 19], but FFM is never
a causative factor. This is because FM, FMFFMR, FFMI, and appendicular muscle mass
linearly increase, but the final |x| value and total FFM percentage decrease without
reaching equality between components.

From other studies, a technologically measured or anthropometrically
validated low lean body mass and FFM have been inversely associated with an
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increased risk of mortality in the lowest BMI range, suggesting that different
contributions of FFM and FM to BMI may explain the shape of the association
between BMI and mortality, as well as the controversial issue of the obesity
paradox [16–19, 21–30, 34, 37, 45, 46, 54]. Similarly, other studies in Denmark,
Canada, the United States, and European cohorts found that technologically
measured FM percentage was significantly associated with an increased risk of
total mortality [22, 25–28]. In this approach, mean or median BMIs were always
located in overweight ranges, whereas body composition provides important
prognostic information on an individual’s mortality risk not provided by BMI.
Thus, when some studies compared the top quintiles of lean mass/FFM/FFMI
and FM/FMI versus the lowest, they concluded that excess FM is related to
increased mortality risk and FFM protects against the risk of mortality (i.e., FFM
showing an inverse association with mortality) [22, 25–28, 31]. This statement
only holds true after understanding that FMFFMR linearly increases toward its
maximum risk as FFM percentage increases, describing a flatter mortality risk
line and, therefore, a lower overall risk (i.e., a lower FMFFMR). In this situation,
a mean FMFFMR value of 1 (with a slope “m” slope = 1) could only be reached in
very high BMIs and severe obesity. Of note, from the new variables analyzed in
a representative sample of US adult men showing that lean mass was inversely
associated with mortality [27], it is possible to demonstrate that in the fifth
quintile (representing class II obesity), FM and FMI were higher than in the third
quintile of overweight (as reference); however, the final FM percentage was
lower in the top quintile (28.7%) than in the third (31.2%). Similarly, the final
FFM percentage was higher in the fifth quintile (71.3%) than in the third quintile
(68.8%). This demonstrates a higher mean |x| (42.6%) and lower FMFFMR (0.40)
in class II obesity than those of overweight, with 37.6% and 0.45 for mean |x|
and FMFFMR, respectively (see Table S1). Thus, when comparing European men
[29, 31] with US participants [27], new findings may reveal new variables.
Effectively, all presented a nadir of mortality at a mean BMI in the overweight
range (between 26.9 and 27.4 kg/m2); however, mean FMFFMR was similar in
European men (0.34 and 0.38 for English and Italian men, respectively), but
different from that of US men (mean FMFFMR = 0.45). Similarly, in the top
quintiles or quartiles, BMI was around class II obesity (between 33 and 36.9 kg/
m2) in all; however, FMFFMR was 0.40 in US men and 0.48 and 0.50 in English
and Italian men, respectively. This means that US men with BMIs similar to those
of European men presented different FMFFMRs and |x| values, justifying a lower
mortality risk from the same high BMIs. Obviously, the US study [27] shows
a higher mean FFM and lower FM than those of European studies [29, 31]. In this
issue, the segment of the risk line that goes between overweight and class II
obesity toward FMFFMR = 1 would be flatter than that of European men, with
a lower slope justifying a protective effect of lean mass in that specific range of
BMI. In contrast, those studies showing higher mean FMFFMR and lower |x|
percentage between any nadir of mortality and a mean FMFFMR = 1 presented
greater risk because total FM percentage increased and mathematically related
FFM percentage decreased, irrespective of FFMI or relative muscle mass
increasing from the lowest to the highest quartiles or quintiles, as seen in
European studies [29, 31]. So, when appendicular muscle mass or other relative
musculoskeletal components directly appeared associated with CVD and
mortality [29], they were never causative factors but rather a result of a spurious
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risk association [18, 19, 32, 33, 35, 43]. In the Melbourne Collaborative Cohort
study [23], BMI and bioimpedance-assessed FM for men in the first and fifth
quintiles were associated with mortality, while FM in women were not associated
when comparing the top quintile with the second quintile. However, when
analyzing the new variables, BMI in the 50th percentile showed an overweight
range in either sex, and FM and FFM percentages showed inequality and
significant differences in the same percentile for both sexes. Additionally, FM and
FFM were significantly different in all percentiles (|x| > 0 in all), with FM
showing a U-shaped association with all-cause mortality, while a risk equivalence
between FM and BMI was demonstrated only in class III obesity in either sex.
Thus, the linear positive association for the waist-to-hip ratio and waist
circumference with mortality that was found in this study for both sexes may only
derive from an enlarged waist circumference and high FM percentage and
abdominal volume [18, 19, 23, 32, 33, 35, 36, 43, 48].

On the contrary, whole-body FM, visceral adiposity measured from different
indices, and whole-body FFM have been associated with mortality, CVD, and
different types of cancers, including pre- and postmenopausal breast cancer risk and
colorectal cancer risk in men [29, 47–51, 55–68]. Similarly, a mean BMI in
overweight/class I obesity, while FM and FFM take high mean values, has
epidemiologically been correlated in many at-risk individuals [16–19, 21–35, 37–43,
45, 47, 60–68]. Based on these anthropometric profiles of high cardiometabolic risk,
it is easy to establish a somatotype of high musculoskeletal and fatty components,
simultaneously showing a high positive correlation with parameters of visceral fat
accumulation and abdominal volume, especially measured by technology or
indirectly by the waist-to-height ratio [18, 19, 29, 32, 33, 35, 42, 43, 47–51, 56–68].
Thus, if FFM and some muscle mass indices have inversely been associated with
mortality [16–18, 21–30, 34, 37, 38], the musculoskeletal component, whether
muscle mass, FFM/FFMI, appendicular muscle mass index, or mesomorphy, may
artificially be associated with CVD, type II diabetes, and cancer, and besides, keep
a high correlation with BMI, visceral adiposity, and mortality risk [18, 19, 29, 32, 33,
35, 38, 43, 47–53, 56, 59–61]. However, in these situations, a high BMI below class III
obesity would capture an implausible part of the causal risk because the
musculoskeletal component would constitute the largest proportion of BMI.
Interestingly, from a study in Korean adults using validated anthropometric
prediction models, the association of BMI and mortality was adjusted for the FFMI
[45]. In this Asian population study, when participants were classified into four body
composition types in agreement with tertile distributions for FMI and FFMI, FM and
FFM showed a direct and inverse association with all-cause mortality, respectively.
This is in consonance with the Shanghai Health Study, where the waist-to-hip ratio
was linearly associated with all-cause and CVDmortality in either sex [46], although
this index may also show a causal association bias with respect to waist
circumference, overall when themean waist-to-hip ratio has a value of < 1 [18, 19, 32,
33, 35, 46]. In addition, waist circumference has shown a positive linearity with
mortality due to its high biological correlation with FM percentage [18, 19, 23, 26, 27,
29–33, 36, 41, 48]. In contrast, some studies using direct body composition measures
in older women have associated both low and high adiposity with mortality from
a mean BMI in the overweight range [54, 55]. From the Health ABC Cohort Study,
which directly measured body components in older adults in the overweight range,
total lean mass was not associated with mortality in either sex, while mid-thigh
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muscle area was significantly associated (in an inverse relationship) [37].
Nevertheless, lean mass and FM were also significantly unequal in either sex. This
means that excluding a part of FFM, between-group lean mass may not be
significantly different from a mean BMI in the normoweight/overweight range, but
when accounting for total FFM, this component might or might not appear to be
associated. So, from similar BMI cut-offs in the normoweight/overweight range,
other studies have shown that low FFM and lean mass, as well as low arm muscle
circumference, were associated with mortality in men [16, 17, 22, 26, 27, 69].

6.3 Rationale

From wide reviews and studies, whether showing or not showing an
association of body components with greater mortality risk [29, 34, 48, 54–56],
a difference in means between FM and FFM may always be proven for
demonstrating a causal inconsistency from any BMI-associated risk, either by the
sample size or by excluding high-risk body compositions at both ends of the range
of BMI. The same holds true when either a low FM (with low BMI) or high
FFM/lean mass (with high BMI) appears to be associated with greater CVD,
cancer, and mortality risk [29, 45–51, 57–68, 70], while mean FM and FFM always
show significant differences in favor of FFM. In fact, inconsistency for causality
in large studies occurred not due to the sample size, but due to unbalancing
opposite components (mean FMFFMR < 1: mean |x| > 0 = + x in all) and omitting
whether variations in total FM and FFM percentages were increased or decreased
from baseline to the final values [18, 19]. As we demonstrate here, a low FM close
to zero percent may not be biologically responsible for greater mortality risk
unless accompanied by a high FFM percentage in the lower range of BMI (i.e., the
highest mean for |x| percentage and for FFM-to-FM ratio). Similarly, a high FFM
may never be responsible for excess rates of total mortality unless accompanied
by a high FM percentage and high BMI (i.e., the lowest mean for |x| percentage
[close to zero] and the highest for FMFFMR [close to 1], or even both means being
negative [|x| = −x] and > 1, respectively, in favor of FM). In our results, a linear
dose–response analysis from the relationships between FM and FFM components
may be demonstrated in associating excess rates of total mortality at both ends of
the range of BMI, and after accounting for thousands of subjects in underweight
and in class III obesity [22, 23, 27, 31, 71, 72]. In fact, linearity occurs after
verifying a higher FM percentage, higher FMFFMR, lower FFM-to-FM ratio, and
a lower |x| percentage as FFM percentage decreased from underweight toward
class III obesity in either sex. In our findings, a gap between class I and II obesity
in men was found, mainly due to the US population who in class II obesity
presented a higher musculoskeletal component and lower FMFFMR [27] than
those of other populations, and thus, a negative slope “m” in that segment of the
line was demonstrated. In addition, from all studies in men with class III obesity,
the total mean FFM was always higher than that of FM, indicating the
predominance of the first and a different risk consideration for both components,
while FM and BMI never reached the same sensitivity. In general, the differences
between the two components always appeared significantly different in all BMI
categories or when comparing by different distributions of percentiles, tertiles,
quartiles, or quintiles. This means that from the body composition, all BMI
categories consistently differed. Thus, a mean BMI hardly represents the true risk
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of any population. Possible reasons for a given inconsistency of BMI in many
associations include the lack of mutual adjustment for FM and FFM and the
inability to determine the body composition and mortality relation across the
entire risk spectrum, essentially due to small numbers of participants and deaths
at both ends of the range of BMI or if they were excluded.

To our knowledge, obesity has direct adverse effects on cardiac structure and
function and leads to CVD development independent of other cardiovascular risk
factors, such as type II diabetes mellitus, dyslipidaemia, hypertension, and sleep
disorders [1, 73, 74]. Thus, class II/III obesity has appeared to be an important
predictor of overall mortality and different BMI-related diseases [22, 23, 27, 31, 71,
72]. However, any BMI cut-off located outside of severe obesity may never be
equivalent in mortality burden to those of high BMI levels, with excess FM being an
independent factor [18, 19]. Likewise, weight loss and FFM mathematically
decreasing with a negative sign could never be comparable to the anthropometric
risk profile of subjects with high FFMIs, especially when accompanied by the
aforementioned cardiovascular risk factors. In any cause-specific mortality
associated with weight loss and being in the lower range of BMI, it is possible to
encounter a pathogenesis differing from that of weight gain, increasing FM, visceral
adiposity/abdominal volume, or living years with obesity [16–19, 32, 33, 35, 41, 51,
53, 55–72]. In reality, epidemiologically, any BMI cut-off located from high
normoweight to class III obesity is usually due to an increasing FM percentage, FMI,
and visceral/central adiposity, and therefore, CVD, type II diabetes, and cancer risk
increase [2–19, 21–30, 32, 33, 35, 41–43, 47–51, 57–72, 75–78]. Conversely, decreased
energy reserves and low protein deposits coinciding with a reduced FFM (i.e.,
mathematically having a negative sign) due to undernutrition, severe sarcopenia,
neurological disorders, or other clinical conditions [2–19, 21–30] lead to a biological
risk, where “ ±x” values, FMFFMRs, FFM-to-FM ratios, FMIs, FFMIs, and BMIs in
underweight ranges differ from those of high BMIs and higher cardiometabolic risk.

Since real-world data in non-experimental studies were not randomized, two
different risk dimensions were epidemiologically overlapping. In this approach, the
U- or J-shaped curve for the association of BMI and all-cause mortality [2–18, 40,
44, 52, 53] remains disentangled, and the “obesity paradox” controversy may be
largely explained. This is because FM and FFM may demonstrate opposing causal
effects on mortality while being independent predictors [16–19, 22–31, 44–46].
Moreover, from normoweight to up ≥40 kg/m2 in women, BMI always depended on
both FM and FFM, whereas a significant inequality and different risk considerations
may be demonstrated. Regarding this issue, if, after using a mean BMI located in
a healthy body composition, one ignores the mean of the individual differences
between FM and FFM, one omits a confounding factor that distorts any causal
inference from the BMI association [18, 19]. This is because if the percentages of both
FM and FFM are different in two groups of comparison, the difference in means may
never be equal to zero, and any mean |x| value in the total sample will be > 0,
demonstrating an unbalanced distribution and between-group comparisons for
different high-risk body compositions. For the same reason, any mortality risk
prediction in men compared with women always appeared with a higher bias error
due to differences in body composition, and mean |x| values were always higher in
men than in women [16–19, 22–30, 34, 37] (see Table 2). This explains why women
reached class III obesity with a mean FM > FFM (mean |x| > 0 = −x), while in men
from the same category, FFM continued to be the predominant factor (mean FFM >
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FM: |x| > 0 = + x). Otherwise, from amean FMFFMR, men and womenwould present
different “m” slopes until reaching a value of 1, where BMI and FM have the same
sensitivity. Thus, a flatter slope in men implies that from underweight until an
FMFFMR of 1, a similar BMI in either sex indicates a different body composition and
mortality risk. Thus, after analyzing global results, the gender difference can only be
attenuated in individuals with underweight and beyond class III obesity. In fact, only
at both ends of the entire risk spectrum (in category 1 and beyond category 6) may
the highest-risk body compositions in either sex be defined (i.e., when FFM
percentage is higher than 90% in underweight and FM percentage is around 50% or
higher beyond class III obesity).

Since association does not equate to causation, for the first time, it is possible to
demonstrate that within the underweight range, FM may be associated with
mortality risk but is never the causal factor because BMI is independent of FM.
Similarly, between underweight and class III obesity, the lower the |x| positive value,
the higher the risk, mainly due to excess FM and the smaller difference between the
final FM and FFM percentages. In this situation, while FFM is the largest contributor
to BMI, no musculoskeletal component can ever be the causal factor. This role
corresponds to a higher FM percentage resulting from a smaller difference with
respect to FFM. Obviously, if a range of BMI increases due to an increasing FFM
percentage (e.g., in muscled persons), FM percentage and overall risk decrease,
despite BMI variation increasing toward a higher risk category. In this case, the final
FMFFMR value becomes lower than the initial value, and the line segment flattens its
slope, or even a negative slope results in a downward-trending line that describes
a non-paradoxical protective area of better clinical prognosis (see Figures 1 and 4).

Although BMI may measure opposite high-risk exposure levels, no mean BMI in
normoweight or from overweight to class III obesity would anthropometrically be
valid for discriminating the same overall risk in all individuals. Regarding sex, age, and
ethnicity, weight management in health assessment remains a misleading factor if one
does not consider other crucial anthropometric indicators (i.e., mathematical
relationships between FM and FFM as well as the relative abdominal fat volume as
geometrically measured from the waist-to-height ratio or using weight, waist, and
height to estimate whole-body fat) [18, 19, 26, 27, 31–33, 35, 36, 43, 48]. In this
context, when BMI and musculoskeletal components within BMI appeared to be
universally associated with mortality risk, accepting a causal overall risk from mean
FMFFMRs of <1 was a false premise. This was because any BMI-associated risk where
mean FMFFMR and |x| were <1 and >0 (|x| = +x), respectively, may not represent the
overall risk as a whole in mathematical terms. Only in situations of a low range of BMI,
where the mean FFM exceeds 90% of weight, and mean FM is closer to zero, would
a mean BMI (with a FMFFMR <1 and |x| > 0: |x| = −x) meet risk criteria for capturing
100% of risk, and only then, FFM and BMI being inversely associated with mortality.
Similarly, high-risk exposure levels and different types of causality may be found in
women with class III obesity, where FM exceeding 50% of weight may justify a high
BMI of maximum risk, whereas FM keeps risk equivalence with the final BMI. By
deduction, only if moderate-high BMIs with FFM exceeding 50% of weight were
conditional (e.g., with propensity score methods) on high FM percentage and
abdominal volumes (e.g., above their own risk cut-offs) would it be possible to accept
a causal risk from BMI in high-normoweight, overweight, or obesity ranges. However,
in those anthropometric situations, neither FFM nor musculoskeletal components
(e.g., lean and appendicular skeletal muscle masses or mesomorphy, etc.) necessarily
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affect cause-specific mortality, CVD, or cancer, as might be suggested from high BMIs
in different studies [2–15, 29, 47, 55, 56]. When pharmacologic interventions, without
differentiating by body composition and sex, are clinically used to treat overweight or
class I and II obesity to reduce the risk of disease and complications for a few years
[79–81], it does not guarantee an improvement in the mathematical relationships
between FM and FFM, and thus ensure healthier ratios for a long time, at least from
a high initial BMI to up normoweight. This is because weight loss, with the proportions
of FM and FFM lost in either sex, may be unbalanced in favor of lean mass, thus losing
much of its value and protective function.

Since an obesity paradox in evaluating mortality risk has been repeatedly
described [2–17, 81], for the first time, we demonstrate that class II obesity may
involve a lower mortality risk than that of overweight/class I obesity, without it
meaning a paradoxical effect. This is mostly due to class II obesity showing a lower
and higher FMFFMR and |x| percentage, respectively, than those of class I. In this
approach, any mean BMI demonstrating an FMFFMR < 1 (far from 1) and |x| > 0 = +
x (far from zero) will always present an unbalanced distribution between FM and
FFM, with BMI being a misleading indicator. That way, it is not possible to accept an
“obesity paradox” when describing a U- or J-shaped curve pattern for the association
between BMI and mortality. In reality, a linear relationship between opposite
associations for FM and FFM with mortality may indicate BMI ranges without a true
causal risk, while describing protective areas of overlapping, which were always
hidden when ignoring the mathematical relationships between components. Thus, in
the analysis of the body of the literature and after revising many studies, this
research mathematically demonstrates that between any epidemiological BMI risk
cut-off and a mean |x| equal to zero in either sex (mean FMFFMR = 1; “m” slope = 1
and FM and BMI being risk equivalent), a bias zone exists where FFM shows
a protective overestimate with respect to FM. Certainly, neither normoweight,
overweight, nor BMI-defined class I-II obesity are accurate ranges for assessing
overall mortality and health risks, at least while hiding anthropometric confounding
factors and BMI never describing a linear pattern for the association with mortality
and causal risk.

7. Strengths and limitations

Our research has several strengths. First, this research included BMI- and body
composition-related anthropometric variables to demonstrate that associations
may mathematically capture a spurious risk. Second, this research reviewed many
study types with millions of participants and thousands of deaths worldwide,
analyzing the relationships between BMI and new variables derived from body
composition. Third, this research used manually measured weights, heights, and
waist circumferences, as well as technological methods from all studies, to
reproduce BMIs, FMs, FFMs, |x| values, and FMIs and FFMIs. This enabled
population homogeneity and increased the reliability of our results. Finally, this
research revealed mathematical misconceptions to demonstrate that BMI
presents a different–equal risk assignment between individuals with equal–
different shapes and high-risk body compositions. Furthermore, the findings in
this research are innovative and pioneering and have no mathematical
limitations, although values and anthropometric measurement biases might
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remain. Similarly, although anthropometrically and technologically measured
body components may vary in their concrete values, this does not alter the
mathematical principles developed here. The findings determine good
generalizability to other population studies. To mathematically demonstrate that
BMI appeared biased in most studies, no further studies are needed. This research
was a mathematical demonstration, which can be applied to any study where it is
feasible to use the necessary body components.

8. Conclusions

This research mathematically demonstrates that a causal association bias
occurred in most epidemiological studies worldwide when associating BMI and
body composition measures with all-cause mortality. From two metabolically
opposite body components – such as FM and FFM – other mathematically defined
newer variables may demonstrate BMI-related biases, fundamentally by verifying
that mathematical relationships between FM and FFM components were
confounding factors omitted in most studies. Differences between FM and FFM
are non-causative confounding factors that appeared to be associated with
mortality risk, while demonstrating a significant inequality in all BMI categories
and distributions compared. The high-risk body compositions and risk exposure
levels detected in the cut-offs of BMI and body composition measures for
associating mortality risk consistently differed between groups, never comparing
the same overall risk in mathematical terms, and thus confounding clinical
practice.

The impact of excess FM on mortality essentially derives from a highly
accumulated abdominal fat volume, which alters the differences between the final FM
and FFM percentages, generating biases and clinical misinformation from
underweight to class III obesity in women. Only in women with class III obesity does
BMI capture 100% of the mortality risk. On the contrary, weight loss and a reduced
FFM in the underweight range produce a causal risk captured 100% by BMI and FFM,
where neither FM nor abdominal fat volume may be independent causative factors in
either sex. All BMI cut-offs > 18.5–20 and < 40 kg/m2 impact all-cause mortality with
causal association biases, because in that wide range BMI never captures 100% of the
overall risk. Mathematically, between underweight and class III obesity, it is always
possible to find individuals with similar BMIs and significant differences between FM
and FFM percentages, assuming that different–equal variations for FM and FFM at
baseline may correspond to equal–different final percentages. As demonstrated here,
excess FM and a reduced FFM were never risk equivalent with BMI, except in women
with class III obesity and in either sex, respectively; therefore, the true overall risk of
mortality and other clinical processes consistently appeared biased in most studies
owing to a protective overestimation of FFM over FM.

Universally, BMI directly impacts mortality and health due to a high-risk body
composition defined at both ends of the entire risk spectrum (i.e., a low FM–very
high FFM percentage in underweight individuals and a high FFM–very high FM
percentage beyond class III obesity). From underweight to class III obesity,
a body composition of risk should be conditioned on a mathematically defined
linear function from two variables: the ratio between FM and FFM, and BMI.
Really, it is the body composition that determines global health risks through

Body Mass Index in Clinical Practice

58



a linear dose–response relationship from the ratios between FM and FFM
percentages or from their absolute differences. That way, the overall risk is
defined by a linear function, whose “m” slope depends on variations of FM and
FFM percentages within BMI over time (i.e., controlling for ratios or |x| on the
y-axis and BMIs on the x-axis [Δy/Δx]).

9. Recommendations

It is time to shift the historical paradigm about BMI and health risks. Since
BMI does not discriminate the body composition of risk or measure a risk volume per
unit of height, any BMI-associated risk outside of the extremes of the risk spectrum
may appear biased from a causal inference, mainly due to a protective overestimate
of FFM over FM. When handling health and measuring weight or BMI alone, it is
impossible to ensure control of the causal risk if FM and FFM are uncontrolled
factors, whether gaining or losing weight. In modern clinical practice, it is essential
to know the two body components of total weight.
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Chapter 3

Beyond BMI in Childhood and
Adolescence: Limitations and
Alternatives
Ken Kiyono and Madhur Mangalam

Abstract

Accurate assessment of body size in growing children is a central challenge in
pediatrics, with implications for both clinical care and public health. The body mass
index (BMI), though widely used, was developed for adults, where body weight
scales approximately with the square of height. In adults, this scaling reflects stable
skeletal proportions after growth, allowing BMI to function as a height-adjusted
indicator. In children, however, the weight–height relationship shifts systematically
with age, sex, and maturation. Thus, the conventional definition of a height-adjusted
index – minimizing correlation with height – fails to remove growth-related bias.
Even if the BMI exponent p in weight/heightp is tuned to eliminate correlation,
misclassification of thinness or obesity may still occur. We analyzed 7.86 million
Japanese schoolchildren aged 5–17 years using an allometric framework and identi-
fied two distinct regimes. In the uni-scaling regime, observed after skeletal maturity
( ≥ 16 years in males, ≥ 14 in females), all weight-for-height centile curves share
a common exponent (p � 2), producing BMI distributions invariant to height. In the
multi-scaling regime, characteristic of younger children, exponents differ across
centiles, causing BMI to overestimate obesity in taller children and underestimate it
in shorter ones. To address this, we introduce population-statistical objectivity –
requiring not only independence of the mean or median, but invariance of the entire
distribution across heights – as the criterion for valid adjustment. For multi-scaling
ages, centile-specific methods or direct use of weight centiles by sex, age, and height
may offer a more accurate and interpretable basis for pediatric assessment.

Keywords: pediatrics, body mass index (BMI), anthropometry, weight-for-height
centile analysis, growth and development, skeletal maturity, allometry, scaling laws,
obesity and thinness

1. Introduction: Purpose and scope

Despite its widespread clinical use, no fully validated, height-adjusted metric
exists for accurately assessing body mass in growing children. This persistent gap
represents a critical opportunity for re-evaluation in pediatric medicine. Assessing
body size during growth is a central task with far-reaching implications for both
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clinical decision-making and public health policy. The body mass index (BMI) –
originally developed for adults – remains the predominant tool for evaluating
childhood nutritional status, even amid long-standing debate over its validity in
developing populations [1–4]. Its theoretical basis lies in the empirical observation
that, in the general adult population, typical body weight increases in proportion to
height squared, rendering BMI largely independent of height. This property,
grounded in the physiology of fully matured skeletal structures, has made BMI a
practical and widely adopted screening tool for adults. However, applying a metric
conceived for adults directly to children – without rigorous validation across the
dynamic stages of growth – raises fundamental questions for evidence-based
pediatric practice.

In this chapter, we revisit the scientific rationale and historical development of
BMI – its conceptual foundations, successes, and limitations – to explore whether a
genuinely height-adjusted body size index for children can be derived from routinely
measured anthropometrics. Our goal is not to dismiss BMI by cataloging its
weaknesses, but to clarify what BMI is – and what it is not – as a height-adjusted
measure, thereby identifying principles for constructing a practical screening tool
for childhood thinness and obesity using only height and weight.

Experience from adult practice offers important lessons. Firstly, two simple,
inexpensive, and universally obtainable measurements – height and weight – can
together form the basis of a large-scale screening metric for detecting both
underweight and obesity. Secondly, the scalability of these measurements enables
reduced statistical uncertainty and reproducible decision thresholds. Thirdly,
although imperfect, BMI exhibits meaningful associations with body fatness and the
prevalence of weight-related health conditions, supporting its role as an initial
screening metric.

However, why these adult lessons fail to translate directly to children has been
largely overlooked. Traditionally, a height-adjusted index has been defined as one
showing minimal correlation with height. For growing children, this criterion is
fundamentally flawed: The weight–height relationship shifts systematically with age,
sex, and maturation, and eliminating statistical correlation does not eliminate
growth-related bias. Indeed, in pediatric populations, even when BMI-type indices of
the form weight/heightp are constructed using an exponent p estimated to remove
correlation with height, such an adjustment does not necessarily yield the expected
improvement in assessment accuracy. Our central argument is that BMI’s practical
role is not to achieve zero correlation with height, but rather to approximate a child’s
weight ranking within a same-height reference group – effectively, its weight centile
position. This reinterpretation, detailed in the sections that follow, reveals why
adult-derived indices underperform in pediatric contexts and suggests a more
appropriate framework for childhood body size assessment.

The question is not whether simple anthropometric indices are inherently
inadequate in pediatrics, but rather what form of height adjustment is appropriate
during development. By making explicit the assumptions that support BMI’s use in
adults and identifying which ones break down in children, we argue that a
principled, height-adjusted body size index for children is achievable. Such an index
must be grounded in empirically observed weight–height scaling patterns
throughout growth, rather than imported wholesale from adult models.

In this article, we (i) address the long-standing lack of systematic examination of
the scientific rationale for constructing BMI in children, clarifying its conceptual and
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methodological gaps; (ii) define the conditions under which a height-adjusted index
can be made approximately independent of height during development; and (iii)
propose a methodology for constructing and validating such an index from large-
scale height–weight datasets, with the aim of improving screening for both thinness
and obesity in children.

In this review, we present findings from our analysis of the largest pediatric
anthropometric dataset to date – comprising 7.86 million Japanese children aged
5–17 years and examine height–weight distributions in detail by sex and age. This
review is based on three recent publications from our group [5–7]. Our analysis
reveals the height dependence of BMI-type indices, weight/heightp, and changes
markedly between the post-skeletal maturity period and the growth phase. At ages
corresponding to skeletal maturity, the conditional distribution of BMI given height
is essentially height-invariant, making BMI comparisons within a sex–age group
effectively equivalent to comparing weight centile positions within the same height
group (Figure 1). By contrast, during growth, BMI distributions vary strongly with
height, so that BMI ceases to function as a truly height-adjusted index – rendering its
comparisons difficult to interpret and of limited practical value.

We seek to give readers an intuitive understanding of the contrast between two
biological states: skeletal maturity and skeletal immaturity. To classify and
distinguish these differences more rigorously, we introduce a minimal but
sufficient set of mathematical concepts. Specifically, we distinguish between uni-
scaling – corresponding to the conventional notion of allometric scaling, in which a
single exponent fully characterizes the weight-for-height relationship and multi-
scaling, in which the relationship is described by a range of scaling exponents,
reflecting variation in scaling behavior across the centile curves of the weight-for-
height distribution.

2. Historical foundation of BMI

To explore where gaps in understanding have persisted within the conceptual
foundations of BMI, we first briefly review the historical development of BMI for
adults and the subsequent attempts to adapt it for use in children.

In his 1832 work and subsequently in the major 1835 treatise Sur l’Homme et le
Développement de ses Facultés, ou Essai de Physique Sociale (Chapter II, Section 2 in
[8]), the Belgian-French astronomer, mathematician, statistician, and sociologist
Adolphe Quetelet presented a detailed statistical analysis of the relationship between
human height and weight. Quetelet reasoned that if humans grew geometrically in all
dimensions, body weight would be proportional to the cube of height (∝height3).
However, his empirical observations indicated otherwise: excluding the growth
period, “the weight of the average man – an ideal type toward which nature tends –
varies approximately in proportion to the square of the height” [8]. This suggested
that, for adults, the ratio of weight to height squared remains nearly constant,
making it a useful index for comparing body size between individuals. Quetelet
himself did not name this ratio. Later researchers honored his contribution by calling
it the Quetelet Index (now known as BMI). He further noted that during the growth
period, weight increases approximately in proportion to the 2:5th power of height – a
scaling relationship distinct from that observed in fully developed adults. This early
recognition of the distinct scaling laws for children and adults is noteworthy, as it
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anticipates later developments in the quantitative understanding of growth and body
mass indices. In light of modern research on pediatric BMI, which emphasizes the
need to account for age-dependent changes in the weight–height relationship when
assessing adiposity in children, Quetelet’s observation can be regarded as a prescient
contribution that foreshadowed current debates on the validity and adjustment of
BMI for growing populations.

Figure 1.
An appropriately chosen BMI removes the influence of height, enabling comparison based on conditional weight
distribution centiles. Top: Body weight in three height groups, with silhouettes indicating the 2nd, 10th, 50th,
90th, and 98th centiles. Because weight distributions shift with height, weight alone cannot objectively compare
obesity or thinness across groups. Bottom: appropriately chosen BMI in the same three height groups, where centile
positions now align across heights and distributions overlap – illustrating the height-adjusting property of BMI in
late adolescents after skeletal maturity.
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In addition to his contributions to anthropometry, Quetelet’s introduction of the
concepts of l’homme moyen (the average man) and social physics marked a profound
shift in understanding both individuals and society through quantitative means. By
demonstrating that human characteristics – whether physical traits or social
behaviors – cluster around a statistical mean and follow predictable patterns, he laid
foundational groundwork for applying mathematical principles not only to social
phenomena but also to understanding human nature itself. These ideas underpin
many modern statistical and social science methods, earning him recognition as one
of the founding figures of modern statistics and social science.

The empirical observation that adult body weight is proportional to the square of
height can also be derived from fundamental physiological principles [7, 9, 10].
According to Kleiber’s law, proposed by the Swiss physiologist Max Kleiber in the
1930s, the basal metabolic rate B of warm-blooded animals scales with body mass
M [11]:

B∝M3=4: ð1Þ

This scaling law, observed across a wide range of mammals and birds, is thought
to arise from a combination of factors, including body surface area, hierarchical
vascular networks, and energy transport efficiency [11, 12]. In endothermic animals,
the heat generated by basal metabolism must balance the heat lost through the body
surface to maintain thermal equilibrium. Because heat loss is proportional to surface
area, and because the body can be reasonably approximated as a series of cylindrical
segments, it follows from geometric considerations that adult body weight should
scale approximately with the square of height. The proportionality between weight
and height squared in adult warm-blooded animals is therefore not merely a
statistical artifact but is grounded in metabolic scaling and thermoregulatory
demands. The study of such scaling relationships between body size and biological
function is known as allometry. In simple terms, allometry is the study of how the
shape, physiology, or behavior of organisms changes with size. It examines how
different biological traits scale with body size, often revealing consistent patterns
across species or developmental stages [13].

Recent work by Ogata et al. [7] has extended this allometric approach,
demonstrating that the characteristics of growing individuals cannot be fully
captured by a single power-law scaling with a fixed exponent. In late adolescents,
after skeletal maturity, body weight relative to height follows a single allometric
scaling law, and deviations from this relationship can be used to assess obesity or
thinness. In this context, weight-for-height centile curves share a common exponent
– a pattern referred to as allometric uni-scaling (or single-exponent allometric scaling).
By contrast, during the period of rapid skeletal growth in childhood, weight-for-
height centile curves display varying exponents across centiles, a phenomenon
termed allometric multi-scaling (or multiple-exponent allometric scaling), which likely
reflects the complex physiological and body-composition changes occurring
throughout growth.

2.1 Emergence of BMI as a height-adjusted index

In human anthropometry, the relationship between height and weight in what
Quetelet termed the “average man” – an ideal type toward which nature tends –
provides a conceptual foundation for constructing body size indices. In the modern
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history of BMI, the index was selected as the height-adjusted measure showing the
weakest correlation with height [14–17]. This criterion of height uncorrelatedness
ensures that the expected value (mean or median) of the index, conditional on a
given height, does not depend on height.

In the 1970s, Ancel Keys, using anthropometric data, demonstrated that BMI
(weight/height2) was superior to the body build index (weight/height) and ponderal
index (also known as the corpulence index, defined as weight/height3) for
population-level epidemiological studies, primarily because of its weaker correlation
with height [14]. Keys also noted, however, that BMI could not reliably distinguish
between muscle and fat mass and should not be used as a sole diagnostic metric for
individual health without considering other relevant physiological factors. Following
Keys’ work, the height-uncorrelated criterion became widely recognized as a key
justification for height-adjusted body mass assessment.

Tim Cole later conducted systematic investigations to determine, for children, the
optimal exponent p in the relationship betweenweight and heightp that would eliminate
correlation with height [18]. He demonstrated that this exponent varies with age,
suggesting that an age-dependent p could, in principle, yield a more accurate height
adjustment for pediatric populations. This work represents a detailed, quantitative
extension of an idea already noted by Quetelet, who had observed nearly two centuries
ago that the scaling exponent between weight and height changes systematically during
growth. Although extended BMI formulations incorporating age-specific exponents have
been proposed, current evidence does not indicate that they outperform the standard
BMI in predicting fat mass or health risk [19, 20], although some studies have reported
improvements in certain age groups or populations [20–22].

The continued use of BMI (with p ¼ 2) for children is supported by several
empirical findings:

● Correlation with fat mass: BMI shows a strong correlation with total body fat
measured by direct methods (e.g., DXA), with coefficients typically around r �
0:8� 0:9 and particularly strong discriminatory power at the upper end of the
distribution [23–25].

● Sensitivity and specificity: BMI-for-age ≥ 85th percentile yields sensitivity
and specificity in the 0.7–0.9 range for identifying children with elevated
adiposity, as measured by DXA or comparable standards; this pattern has
been demonstrated consistently across cohorts and summarized in multiple
reviews [26, 27].

● Epidemiological application: BMI with p ¼ 2 remains a practical and robust
approximation, even though the height exponent minimizing residual association
with staturemay increase to p � 2:5� 3:0 during puberty [21, 28]. It is widely used
in national and international epidemiological surveillance to estimate and compare
obesity and thinness prevalence in large populations over time [29].

Although these findings support the continued utility of BMI in pediatric
populations, several important caveats and limitations remain. A strong correlation
with fat mass does not eliminate systematic height-related bias: BMI tends to
overestimate adiposity in taller children and underestimate it in shorter ones,
particularly during puberty [21]. Sensitivity and specificity are method- and
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sample-dependent, and they vary across race/ethnicity [27, 30–32]. Finally, the
persistence of p ¼ 2 in epidemiological applications is driven largely by convention
and cross-study comparability rather than by physiological optimality, which may
obscure meaningful differences in growth patterns across developmental stages.

These observations highlight important methodological challenges and point to
fundamental limitations in constructing body size indicators solely from the weight–
height relationship. Historically, a widely accepted approach to constructing height-
adjusted body size indices has been to derive a formula describing the relationship
between average weight and height, then use this formula to set a reference value for
each height or to create an index uncorrelated with height. The conventional BMI
follows this principle: It has served both as a population-level indicator for
identifying degrees of thinness or obesity that are rare in the general population and
as a simple screening tool to flag individuals who may require further evaluation.

However, this approach does not translate well to children. In practice, indices of
weight and heightp that demonstrably achieve uncorrelatedness with height are
often not used; instead, the conventional BMI with the exponent p ¼ 2 continues to
be applied, despite its weak theoretical basis. As noted earlier, BMI cutoff values
derive from statistical centiles, which reflect the probability of a given body size
within a reference population. In pediatric populations, the weight–height
relationship is intrinsically shaped by both age and stage of maturation, and clear,
universally accepted principles for defining valid cutoffs remain lacking. This
uncertainty highlights the need to reconsider how body size assessment criteria are
developed for growing individuals. Expecting a single index – based solely on
a formula relating height and weight – to capture health risks associated with
underlying body fat across diverse ages and maturational stages is likely unrealistic
and extends well beyond the intended scope of a simple screening metric for
monitoring trends in obesity or thinness.

In conclusion, the criterion of height uncorrelatedness is inadequate for
developing robust and meaningful height-adjusted indices for assessing thinness
and obesity. As illustrated in Figure 1, we argue that the rarity of certain body
shapes in the general population – that is, their low probability of occurrence –
should serve as the primary reference point for defining abnormal body size. This
reframing offers a more conceptually sound and empirically grounded basis for
evaluation, particularly in growing individuals. While we recognize that further
refinement and validation are needed, we put forward this approach as
a necessary and timely departure from conventional assumptions, providing
a foundation for critical reassessment and more accurate future practice.
Historically, degrees of obesity or thinness have been interpreted in terms of
statistical rarity within the population – body shapes that are infrequent and thus
warrant attention. Indeed, major organizations such as the WHO [33], CDC [34],
and IOTF [35, 36] have relied on BMI centiles or z-scores to define cutoffs for
overweight and thinness, rather than direct assessments of body fat or health
outcomes, implicitly reinforcing this probabilistic interpretation.

3. Current evidence on the validity and limitations of BMI-type indices

Efforts to determine the optimal exponent in weight/heightp-type indices for
children have repeatedly failed to yield a satisfactory solution. We argue that
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developing a truly appropriate body size index for pediatric use first requires
understanding why these attempts have fallen short. The answer, we contend, lies in
fundamental differences between the body size distributions of adults and those of
children – a distinction that must be clearly recognized, as it calls for a thorough
rethinking of how body size in children is assessed.

In this section, we clarify the conditions that an appropriate height-adjusted body
size index should satisfy. As a starting point, we empirically examine data from late
adolescence – a period when skeletal growth has largely matured – to illustrate in
what sense BMI serves as a well-calibrated and objectively meaningful body size
index. Remarkably, our findings suggest that adult BMI reflects a coherent biological
design, revealing an internal consistency that is both unexpected and scientifically
compelling. Using these conditions as criteria, we show that BMI and other weight/
heightp-type indices used to date do not qualify as height-adjusted indices in the
context of growth and development. Based on the findings reported in [5–7], we
present results from our analysis of a large-scale national dataset containing age, sex,
height, and weight measurements for 7,863,520 Japanese schoolchildren aged 5–17
years. These data were collected between 2008 and 2019 through the Ministry of
Education, Culture, Sports, Science, and Technology’s annual School Health
Statistics Research, which uses stratified random sampling to ensure nationwide
representativeness [5, 7].

As shown in Figure 2, in 17-year-old late adolescents of both sexes – after skeletal
maturity – BMI proves to be, perhaps surprisingly, an effective metric for evaluating
the rarity (i.e., the probability of occurrence) of a given body shape [7]. In this age
group, the estimated BMI distributions across different height strata (right panels of
Figure 2) exhibit nearly identical shapes. The curves align closely at both tails of the
distribution, whereas the corresponding weight distributions differ markedly in both
location and overall form. In the BMI plots, the 2nd centiles (circles) cluster very
tightly at nearly a single point across all height strata, and the 98th centiles
(diamonds) likewise show only minimal variation. This striking consistency
underscores BMI’s utility as an objective, population-level parameter for assessing
thinness and obesity, since the centiles of the conditional weight distribution given
height remain stable and reproducible regardless of stature.

Because males typically reach adult height by about age 16 and females by about
age 14, BMI-type indices (� weight=height2) in individuals above these ages can be
considered a valid height-adjusted body size measure – uncorrelated with height in
the population-statistical sense. For further interpretation, see the explanation
accompanying Figure 1. While we used the conventional BMI with p ¼ 2 in this
analysis, it is also possible to estimate statistically the optimal exponent p that best
aligns BMI distributions across different height strata. In Figure 2, however, the
estimated optimal p is very close to 2, the conventional value, reinforcing the
appropriateness of the conventional BMI formulation in late adolescence.

Although the BMI formulation appears valid in late adolescents, its validity
breaks down during periods of rapid skeletal growth. In these developmental stages,
the criterion of height uncorrelatedness loses relevance for evaluating low-
probability body shapes – specifically, the distributional extremes associated with
thinness and obesity. To examine this paradox, we next present examples of index
distributions during the growth period. In growing children, the condition we refer
to as population-statistical objectivity – the alignment of weight centiles independent
of height – no longer holds. As shown, the BMI distribution shifts systematically with
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height during growth, thereby undermining its usefulness for comparing weight
centiles across height strata.

As illustrated in Figure 3, using the example of 11-year-old males, skeletally
immature children do not exhibit height-invariant distributions for any weight/
heightp-type index, regardless of the value of p, the exponent. With the conventional
BMI (p ¼ 2; Figure 3b), all centile positions vary systematically across height strata:
the 2nd centile on the underweight side (circles), the median 50th centile (triangles),
and the 98th centile on the obese side (diamonds). When p is optimized to align the
median of the index distribution (Figure 3c) – rather than to satisfy the height-
uncorrelated criterion – the 50th centile (triangles) becomes approximately aligned
across height strata. However, the 2nd centiles (circles) and 98th centiles (diamonds)
still display a clear and consistent height dependence. Interestingly, adjusting the

Figure 2.
At skeletal maturity, BMI is an appropriate height-adjusted index. (a) 17-year-old males (n = 238,851). (b)
17-year-old females (n = 240,958). Left panels: Weight distributions across height strata, showing clear height-
dependent patterns. Right panels: BMI distributions across height strata, showing nearly identical patterns
across heights. In all panels, circles indicate the 2nd centile points of weight (underweight side), triangles
indicate the median 50th centile points, and diamonds indicate the 98th centile points (obese side). The
objectivity of BMI is ensured by the fact that, given height, the probability of having a high weight (obesity) or a
low weight (underweight) depends little on stature. Accordingly, in the right panels, the 2nd centiles (circles),
the 50th centiles (triangles), and the 98th centiles (diamonds) all cluster at nearly identical positions across
height strata, demonstrating independence from height.
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exponent allows alignment of any chosen centile across height groups; for example,
in Figure 3d, p is selected to align the 98th centile across height strata.

In Ogata et al. [7], the values of p (denoted as α in that study) required to align
the 2nd, 10th, 90th, and 98th centiles – together with the corresponding cutoff
values – are reported. (Note: Throughout this chapter, we use p to denote a fixed
BMI-type exponent (as in weight/heightp), and αðqÞ to denote centile-specific
exponents estimated via quantile regression.) This centile-specific adjustment
offers a potential approach to achieving population-statistical objectivity,
defined here as the alignment of weight centiles across height strata using a
weight/heightp-type index. The optimal exponent p was estimated by fitting
a power-law model, wqðhÞ ¼ CqhαðqÞ, to the qth centile curve of the weight-for-
height distribution using quantile regression, which estimates the conditional

Figure 3.
In skeletally immature children, an index based on the height-independent condition is not truly height-adjusted,
exemplified using data for 11-year-old males (n = 262,405). (a) Weight distributions across height strata. (b)
Conventional BMI (p = 2) distributions across height strata. (c) Distributions of weight/heightp with p = 2.96 across
height strata. (d)Distributions of weight/heightp with p = 3.62 across height strata. For weight/heightp-type indices, no
distribution invariant to height exists.However, adjusting the exponent p can approximately align a particular centile.
In (d), for example, p was selected so that the 98th centile (diamonds) is as independent of height as possible. In all
panels, circles indicate the 2nd centile points of weight (underweight side), triangles indicate the median 50th centile
points, and diamonds indicate the 98th centile points (obese side). This illustrates that although centile-specific
alignment can be forced by tuning p, no single exponent removes the overall height dependence, demonstrating the lack
of population-statistical objectivity in skeletally immature children.
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quantile (centile) by minimizing a weighted sum of absolute residuals. For
additional methodological details, see [7].

As illustrated in Figure 4, a valid height-adjusted body size index must satisfy more
than the simple height-uncorrelated criterion. Historically, the absence of correlation
between BMI and height has been treated as a key feature. However, the essential
property lies not in uncorrelatedness itself, but in what it signifies – namely that the
distribution of the index remains nearly invariant across height strata. In this view, the
height uncorrelatedness observed in adult BMI serves only as a proxy for a deeper and
more meaningful condition: distributional invariance with respect to height.

Figure 4.
The height-uncorrelated criterion is not sufficient for a height-adjusted body size index. The figure illustrates
three scenarios for weight–height relationships and their corresponding weight/heightp-type index distributions.
Left: Raw weight-for-height relationship showing how weight distributions vary systematically with height across
three height groups (blue, green, red). Middle: An ideal height-adjusted index where the central tendency is
uncorrelated with height and the distributional shape remains consistent across height groups, resulting in
equivalent centile interpretations regardless of stature. Right: A problematic scenario where an index is uncor-
related with height in terms of central tendency but exhibits height-dependent distributional properties – the
degree of obesity or thinness varies with height, rendering centile-based classifications unreliable. The top row
shows bivariate density plots with color intensity representing probability density. The middle row compares the
conditional distributions across the three height groups, with centile lines (10th, 50th, 90th) indicated in each
panel. The bottom row displays the overlaid marginal distributions, demonstrating how distributional equiva-
lence (middle) versus distributional dependence (right) affects the interpretation of body mass indices. This
distinction reveals why the weight–height correlation minimization alone is insufficient for creating a valid
height-adjusted body size index in pediatric populations.
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It is therefore not sufficient for only the central tendency (e.g., the mean or
median) to be independent of height; rather, the entire conditional distribution
given height should retain essentially the same shape and spread across all height
groups. In other words, the positions of lower centiles (such as the 2nd) and upper
centiles (such as the 98th) must remain consistent and comparable regardless of
stature.

We refer to this stronger requirement as the population-statistical objectivity
condition. This condition ensures that each centile of the index corresponds to the
same degree of thinness or obesity for individuals of different heights. From this
perspective, thinness and obesity are assessed objectively in terms of statistical
rarity – that is, according to their probability of occurrence within the general
population (e.g., being among the thinnest or heaviest 1 in 10 or 1 in 50 individuals).

Importantly, we do not expect this statistical rarity to be strongly or consistently
correlated with actual body fat percentage. Rather, we regard it as a broadly useful
reference point for identifying individuals whose body size may warrant further
attention – for instance, as a potential indicator of atypical growth or underlying
health conditions. In this sense, population rarity functions not as a direct measure of
adiposity but as a screening signal to prompt closer examination when body size lies
in the extreme tails of the distribution.

If the population-statistical objectivity condition is not met, an index may appear
height-uncorrelated in terms of average values, yet still exhibit systematic shifts in
its distributional tails across height groups. This results in biased assessments ––
overestimating or underestimating thinness or obesity depending on stature. Such
violations are particularly common in pediatric populations, where ongoing growth
alters both body proportions and distributional shapes. This illustrates why
minimizing correlation with height alone is insufficient. To construct a truly valid
index for children, both the alignment of centile positions and the invariance of the
index distribution shape across height strata must be verified.

In fact, our analysis revealed clear evidence of height-related bias when applying
BMI-based criteria [5, 7]. The IOTF cutoffs for overweight, obesity, and thinness are
age- and sex-specific BMI thresholds derived by statistically projecting childhood
BMI centile curves so that they intersect the internationally recognized adult BMI
cutoffs at age 18: 25 kg/m2 for overweight, 30 kg/m2 for obesity, and 18.5 kg/m2 for
Grade I thinness, with additional lower thresholds for Grades II and III thinness
[35, 36]. As shown in Figure 5, applying these cutoffs revealed that among males
aged 11–13 and females aged 10–11, those in the shortest quartile were classified as
underweight up to five times more frequently than those in the tallest quartile.
Conversely, among males aged 8–11 and females aged 7–10, those in the tallest
quartile were classified as overweight or obese four to five times more often than
their shortest peers.

These disparities arise because the BMI-for-age reference curves used by the
IOTF do not fully account for the age and height-related changes in the weight-for-
height distribution during growth. As a result, they systematically overestimate
thinness in shorter children and obesity in taller ones. This finding indicates that
similar height-related biases are very likely to occur when using other BMI-based
standards, such as those developed by the WHO and CDC.

Notably, this height dependence becomes negligible once skeletal growth is
largely complete – typically by about age 16 in males and age 14 in females
(Figure 5). In late adolescence, BMI functions more reliably and consistently as a

Body Mass Index in Clinical Practice

92



height-adjusted index, exhibiting minimal bias across stature. These results also offer
indirect support for the validity of adult BMI, suggesting that the distributional
stability observed in late adolescence can, with reasonable confidence, be extended
to the adult population.

The key point is that the height-independent consistency observed in these late
adolescents arises because the height dependence of each centile curve is nearly
proportional to the square of height. This is illustrated in Figure 6, which compares
the WHO centile-based BMI cutoffs (dashed lines) with the corresponding empirical
weight centile curves (solid lines) across height strata. For adolescents at ages when
skeletal growth is complete (approximately 16 years for males and 14 years for
females), the WHO-defined BMI cutoff lines align closely with the observed weight
centile curves, indicating strong concordance. Although WHO reference curves are
shown here, applying the IOTF standards produces nearly identical results. This
agreement supports the conclusion that our dataset is well aligned with established
international reference distributions.

Figure 5.
Age- and height-related variation in the prevalence of underweight and overweight classifications among
children and adolescents, based on anthropometric data from 2018. Top: males; Bottom: females. (a, c)
Prevalence of underweight using IOTF cutoffs for Grade I thinness. (b, d) Prevalence of overweight/obesity
using IOTF cutoffs for obesity. These panels illustrate body size assessment with BMI, applying the age-specific
IOTF reference cutoffs [35, 36]. Further methodological details are provided in [5].
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In contrast, Figure 7 presents the corresponding results for 9-year-old males and
females, who are still in the growth phase. As shown in the right panels of Figure 7,
the WHO BMI cutoff lines (dashed) intersect the actual weight centile curves (solid),
thereby failing to satisfy the population-statistical objectivity condition and
producing a pronounced height-related bias. If overweight is defined using theWHO
85th BMI centile cutoff, the regions where this cutoff overestimates compared with
the actual 85th weight-for-height centile are shaded in pink, and the regions where it

Figure 6.
At skeletal maturity, the centile curves of weight-for-height closely match those derived from BMI. Left: centile
curves of weight-for-height estimated from a large Japanese dataset (for details on the estimation method, see
[5]). Center:WHO BMI growth reference plotted on a weight-for-height graph. Right: direct comparison of the
two sets of curves. Top: males aged 16 years; bottom: females aged 14 years. For males aged 16 years and older and
females aged 14 years and older, the weight-for-height centile curves (solid lines) and the BMI centile curves
(dashed lines) are in close agreement. The horizontal axis for height extends from the 0.5th to the 99.5th centiles of
the height distribution.
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underestimates are shaded in light blue. This discrepancy illustrates how BMI-based
thresholds, even when internationally standardized, can result in systematic
misclassification during periods of active growth.

Figure 7.
During childhood growth, BMI shows a strong height-related bias. Plot analogous toFigure 6. Top: males aged 9 years;
bottom: females aged 9 years. In the right panels, the weight-for-height centile curves (solid lines) and the WHO BMI
growth reference curves (dashed lines) intersect, resulting in height-dependent misclassification of obesity and under-
weight. If overweight is defined using the WHO 85th BMI centile cutoff, regions where it overestimates compared with
the actual 85th weight-for-height centile are shaded in pink, and regions where it underestimates are shaded in light
blue. For example, in tall 9-year-oldmales (upper right), the actual 50thweight centile aligns near the 95thBMI centile,
while theWHO50th BMI centile corresponds to approximately the 15thweight centile. Suchmismatches betweenweight
and BMI centiles highlight the risk of systematic misclassification in tall children during growth. This figure is adapted
from Figure 3 of Isoyama et al. [5] under the terms of the Creative Commons Attribution 4.0 International License
(CC BY 4.0) and has been modified from the original.
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4. Multi-scaling allometric patterns observed in skeletally immature
children

To clarify the conditions under which a weight/heightp-type index fails to
function as a valid height-adjusted measure, it is useful to outline its mathematical
basis. In allometric scaling, the relationship between body weight w and height h in a
population can often be expressed as a power law, w ¼ Chα, where α is the scaling
exponent, and C is a proportionality constant. If this scaling relationship holds
uniformly across the entire set of weight centile curves for a given height, dividing
weight by hα will remove the height dependence, producing an index that is, in
principle, height-adjusted. However, when the scaling exponent varies across the
centile curves of the weight-for-height distribution, no single value of p can
eliminate height dependence for all centiles simultaneously. This distinction – and its
implications for the validity of weight/heightp-type indices – is formalized in the
concepts of uni-scaling and multi-scaling described below.

4.1 Uni-scaling and multi-scaling

The concepts of uni-scaling andmulti-scaling in the allometric framework describe
fundamentally different patterns in the weight-for-height relationship. In our
approach, we assume that the qth centile curve of weight wqðhÞcan be approximated
by the power-law function:

wqðhÞ ¼ CqhαðqÞ; ð2Þ

where αðqÞ is the scaling exponent associated with that specific centile. Uni-scaling
arises when αðqÞ is constant across all centiles, so the slopes of the centile curves in a log–
log weight–height plot are parallel. In this case, a single exponent fully characterizes the
scaling of the entire distribution, and dividing weight by height raised to that exponent
yields a distribution independent of height. By contrast, multi-scaling occurs when αðqÞ
varies with q centiles; here, the centile curves have different slopes, indicating that body
size scales differently across distinct regions of the distribution.

To estimate the parameters Cq and αðqÞ in Eq. (2), we apply quantile regression
[37] to the weight-for-height distribution stratified by sex, age, and centile q. In this
framework, wqðhÞ denotes the conditional qth centile of body weight given height,
αðqÞ is the scaling exponent that quantifies how weight changes with height at that
centile, and Cq is the proportionality constant corresponding to the intercept on the
log–log scale. Quantile regression fits the power-law model –Eq. (2) –by minimizing
a weighted sum of absolute residuals at the specified quantile, thereby allowing the
slope αðqÞ to vary across centiles. This approach enables direct testing of the uni-
scaling condition –where αðqÞ is constant for all q centiles – and the identification of
multi-scaling behavior when depends on q. Once Cq and αðqÞ are estimated for a
given centile, they can be used to construct centile-specific, height-adjusted indices
and to derive corresponding cutoff values for assessing thinness and obesity.

4.2 Why uni-scaling matters

The distinction between uni-scaling and multi-scaling is critical for determining
whether an index is a valid height-adjusted body size measure. Under uni-scaling,
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applying the appropriate exponent p produces weight/heightp index distributions
whose centile positions align across height strata. Such alignment ensures that the
meaning of a given centile–such as the 2nd or 98th – remains consistent for both short
and tall individuals, thereby satisfying the condition of population-statistical
objectivity. This condition requires more than independence of the central tendency
from height; it also demands that the entire conditional distribution, given height,
retains the same shape. When uni-scaling holds, indices such as BMI in skeletally
mature adolescents and adults meet this requirement, enabling objective
comparisons of thinness and obesity across stature.

In the presence of multi-scaling, no single exponent can fully eliminate height
dependence across the entire distribution. Even if the median (50th centile) is
rendered approximately independent of height, the lower and upper tails will still
vary systematically with stature. This produces substantial height-dependent biases
in centile-based classifications, such as overestimating thinness in shorter children
and obesity in taller ones. Such violations of the population-statistical objectivity
condition are particularly common during growth, when weight and height follow
different developmental trajectories that yield distinct centile-specific scaling
exponents. Recognizing whether a population follows a uni-scaling or multi-scaling
regime is therefore essential for selecting or designing a truly valid and practically
useful height-adjusted body size index.

To illustrate these concepts, Figure 8a presents an example of uni-scaling in 17-
year-old males, where the double-logarithmic plot of weight versus height shows
that the regression lines for the 2nd, 50th, and 98th centiles are nearly parallel, with
estimated scaling exponents αð2Þ ¼ 2:0, αð50Þ ¼ 1:9, and αð98Þ ¼ 2:1. This close
agreement across centiles indicates that a single exponent can adequately
characterize the scaling relationship, thereby fulfilling the uni-scaling condition. In
this case, as shown in Figure 2, applying p � 2 to construct a weight/heightp index
yields distributions whose centile positions are essentially aligned across height
strata, enabling height-invariant comparisons of thinness and obesity.

Figure 8.
Extended allometric analysis results. (a) 17-year-old males. (b) 8-year-old males. Solid lines represent quantile
regression fits for the 2nd, 10th, 50th, 90th and 98th centiles on a double-logarithmic scale. The estimated
scaling exponents (slopes), such as α(2), α(50), and α(98), are shown in each panel. This figure is adapted
from Figure 8 of Ogata et al. [7] under the terms of the Creative Commons Attribution 4.0 International
License (CC BY 4.0) and has been modified from the original.
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By contrast, Figure 8b illustrates a clear multi-scaling pattern in 8-year-old
males. The slopes of the centile curves differ markedly: αð2Þ ¼ 2:4, αð50Þ ¼ 2:7, and
αð98Þ ¼ 4:1. Higher-weight centiles exhibit much steeper exponents, suggesting that
heavier children tend to gain body mass more readily than their lighter peers. This
divergence in slopes implies that no single exponent p can align all centile positions
simultaneously; even if the median is adjusted to be height-independent, the lower
and upper tails will still shift with stature. As shown in Figure 8, such multi-scaling
patterns are common in younger age groups but gradually converge toward uni-
scaling as skeletal maturity is reached.

The age- and centile-dependent trends in the scaling exponent αðqÞ are
summarized in Figure 9. In both males (a) and females (b), αðqÞ varies
systematically with age and centile, particularly during the growth phase prior to
skeletal maturity. The rainbow-colored lines represent 12 different centiles of the
weight-for-height distribution: A large vertical spread indicates a multi-scaling
pattern, whereas convergence of all lines toward a single value signifies a uni-scaling
pattern. For males aged 5–14 years and females aged 5–11 years, high-weight centiles
(e.g., 90th and 95th) exhibit much steeper exponents than the median or lower
centiles, showing that heavier children gain weight disproportionately with height
compared to their leaner peers. This divergence across the distribution is precisely
the multi-scaling pattern described earlier.

As children approach adolescence, the αðqÞ curves for different centiles begin to
converge noticeably. In males, this convergence typically occurs around age 14,
and in females around age 12, with the scaling exponents becoming largely
independent of centile position and gradually approaching a uni-scaling pattern. The
uni-scaling exponent itself declines steadily from approximately 2.5 toward 2. These
findings indicate that, for males aged 16 years and older and females aged 14 years

Figure 9.
Age- and centile-dependent scaling exponents in males and females aged 5–17 years. The scaling relationship
between weight and height varies systematically with age and growth (height) centiles, using data from males (a)
and females (b). Unlike the traditional BMI, which assumes a fixed exponent (weight/height2), these plots
demonstrate that the optimal scaling exponent αðqÞ changes across both age and centile. In early childhood,
higher-weight centiles display much steeper exponents, indicating that standard BMI underestimates adiposity in
heavier, shorter children. In contrast, for taller females––particularly during adolescence––the exponent often
falls below 2, meaning that BMI overestimates adiposity in lean, tall females. Around ages 13–15 years, scaling
patterns converge toward the standard BMI formula, but this convergence is temporary and differs by sex. These
results underscore the need for age- and centile-adjusted indices to more accurately assess weight status and
minimize misclassification in pediatric populations.
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and older, the conventional BMI with p ¼ 2 functions reliably as a valid height-
adjusted index. This age-dependent transition from multi-scaling to uni-scaling
generally coincides with the completion of the pubertal growth spurt, raising
important physiological questions about the mechanisms underlying human growth
and body composition changes. Collectively, these age- and centile-dependent
patterns strongly highlight the need to account for both factors when constructing
height-adjusted indices, since neglecting them can lead to systematic
misclassification of thinness and obesity in pediatric populations.

4.3 Future directions

Looking ahead, the approach outlined here will be particularly valuable for future
studies aiming to establish valid height-adjusted body size indices in populations
beyond those analyzed in the present work. For instance, we have not examined data
for children aged 0–5 years, nor have we analyzed datasets from countries outside
Japan. Extending this framework to such populations would enable the development
of indices that remain valid across a broader range of growth stages and demographic
contexts. Importantly, the starting point should not be the traditional height-
uncorrelated criterion, but rather a direct evaluation of weight-for-height centile
curves in terms of their uni-scaling and multi-scaling patterns, as described in this
review.

A further and equally important challenge remains: How to implement body size
assessment for children in age groups that exhibit a clear multi-scaling pattern. In
our recent work [7], we proposed a method that evaluates body size by combining
the scaling exponent and cutoff value for each centile. While this approach is
theoretically sound, it may be perceived as cumbersome in practical use.
Implementing such calculations in a PC or smartphone application would remove
this inconvenience. Moreover, if such an application were to be developed, it might
be preferable to bypass BMI-type indices altogether and instead use the directly
estimated weight centile value conditional on sex, age, and height as the index. This
would yield a measure whose interpretation, as an evaluation of statistical rarity, is
clearer. In any case, for assessing body size in children during the growth phase
before skeletal maturity, it is necessary to return to first principles and reconstruct
the evaluation method from the ground up.

5. Conclusion: Toward a fundamental reconstruction of pediatric
anthropometric assessment

In this chapter, we have re-examined the conceptual and empirical foundations of
BMI as a height-adjusted index, with a particular focus on its application to growing
children. Drawing on an unprecedentedly large dataset of 7.86 million Japanese
schoolchildren, we demonstrated that the scaling relationship between weight and
height changes systematically with age, sex, and body size centile. The framework of
allometry describes this scaling well, but its form differs fundamentally between
skeletally mature adolescents and children in active growth.

Our analyses revealed two distinct regimes. In the uni-scaling regime – that is,
observed after skeletal maturity – weight-for-height centile curves share a common
scaling exponent (p � 2), yielding BMI distributions that are height-invariant in
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both central tendency and overall shape. Under these conditions, BMI operates as a
statistically objective index, allowing meaningful comparisons of thinness and
obesity across individuals of different stature. In contrast, the multi-scaling regime –
characteristic of younger, skeletally immature children –shows that different centiles
follow different scaling exponents. In this context, reliance on conventional BMI
introduces systematic height-related biases, consistently overestimating obesity in
taller children while underestimating it in shorter ones.

From this perspective, the traditional criterion of height uncorrelatedness is
inadequate as the basis for a valid height-adjusted body size index. Instead, we have
argued for the stronger requirement of population-statistical objectivity, in which
the entire conditional distribution given height – not just its mean or median –
remains invariant across height strata. This reframing shifts the focus from
minimizing statistical correlation to aligning weight centile positions, thereby
interpreting thinness and obesity explicitly in terms of rarity within the population
distribution.

Our findings also have practical implications. For late adolescents ( ≥ 16 years in
males, ≥ 14 years in females), conventional BMI with p ¼ 2 is both theoretically and
empirically justified, aligning closely with international reference centiles. For
younger children, however, robust assessment requires approaches that explicitly
account for multi-scaling. We have proposed one such method – centile-specific
scaling exponent and cutoff estimation –which achieves height adjustment at chosen
centiles but is computationally more demanding [7].While software implementation
could remove this barrier, an even more transparent approach may be to bypass
BMI-type transformations altogether and directly use weight centile values
conditional on sex, age, and height as the primary screening metric.

Ultimately, the assessment of body size in children before skeletal maturity
demands a return to first principles. A valid index must be grounded in empirically
observed scaling patterns throughout growth, rather than imported wholesale from
adult models. By distinguishing uni-scaling from multi-scaling, and by introducing
population-statistical objectivity as a guiding principle, this work lays the conceptual
and methodological groundwork for developing height-adjusted indices that are
both scientifically sound and practically useful. Extending this framework to
younger age groups and to diverse international populations is a critical next step
toward more accurate, equitable, and interpretable assessments of thinness and
obesity in the pediatric population.
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Abstract

Visceral adiposity drives atherosclerosis and ectopic fat deposition, including
hepatic steatosis, and is a major determinant of cardiometabolic risk in pediatric
obesity. In adolescents, both BMI and WC are linked to cardiometabolic
comorbidities, though their predictive accuracy differs. BMI is widely used due to its
simplicity, low cost, and standardized reference values, but it cannot distinguish fat
from lean mass, provides no information on fat distribution, and may misclassify
children during rapid growth or puberty. Its association with metabolic risk also
varies by sex, ethnicity, and developmental stage, limiting its value as a standalone
indicator. Measures of central adiposity, including WC and waist-to-height ratio
(WHtR), have gained increasing attention because they better capture visceral fat
burden and show stronger associations with early metabolic dysfunction. Both WC
and BMI are positively associated with elevated blood pressure and triglyceride
concentrations and inversely associated with high-density lipoprotein cholesterol.
Evidence shows that WC correlates more strongly than BMI with atherogenic lipid
profiles, insulin resistance, alanine aminotransferase, and serum uric acid levels.
Despite these advantages, the routine use ofWC in pediatric practice is limited by the
lack of standardized measurement protocols and universally accepted reference
charts. Emerging evidence indicates that combining BMI and WC improves risk
stratification compared with BMI alone. A two-step approach—using BMI for initial
screening followed by WC or WHtR to assess central adiposity—may better identify
high-risk children. Future research should integrate anthropometry with advanced
imaging, molecular biomarkers, and AI-based models to enhance precision in
cardiometabolic risk prediction.

Keywords: waist circumference, body mass index, pediatric obesity,
cardiometabolic risk, visceral adiposity, insulin resistance
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1. Introduction

Pediatric obesity has become one of the most pressing global health crises of our
time. According to the World Health Organization, by 2022, over 390 million
children and adolescents aged 5–19 were identified as overweight, including about
160million classified as obese [1]. This shift is not limited to high-income countries –
low – and middle-income regions are experiencing rapidly rising rates as well [2, 3,
4]. Further, recent data show that the prevalence of obesity among children aged 5 to
19 has increased from about 1.9% in 1990 to around 8.2% in 2022 [1].

Alongside overall rising obesity rates, there is accumulating evidence that visceral
adiposity – fat stored within the abdominal cavity around internal organs – is
increasing and contributing disproportionately to the cardiometabolic burden.
Visceral fat is more metabolically active than subcutaneous fat and is associated with
insulin resistance, inflammation, and ectopic fat deposition (for example, in liver
and muscle). Recent anthropometric and imaging studies indicate that waist-based
measures are more closely aligned with visceral adiposity than global adiposity
indices [5].

Traditional anthropometric indicators, particularly BodyMass Index (BMI), have
formed the backbone of obesity screening and epidemiologic surveillance in
children. BMI is simple, inexpensive, and well-standardized for age and sex.
Nonetheless, it has major limitations: it does not discriminate between fat and lean
mass; it provides no information on fat distribution; it may misclassify children
during growth spurts or puberty; and its correlation with metabolic risk varies across
sex, ethnicity, and developmental stage [6, 7].

In contrast, measures of central or abdominal adiposity – such as waist
circumference (WC) and waist-to-height ratio (WHtR) – are gaining attention for
their ability to better capture visceral fat burden and for their stronger associations
with early metabolic dysfunction. Recent longitudinal analyses demonstrate that
WHtR exhibits better agreement over time with dual-energy X-ray absorptiometry
(DEXA) measured fat mass, both total and trunk fat, compared with BMI in children
followed from age 9 into young adulthood [8]. Additionally, studies suggest
combining WC with BMI may improve identification of adolescents at increased
cardiometabolic risk beyond what either measure alone offers [9].

However, despite mounting evidence, WC and related indices are underused in
many clinical settings, partly due to lack of standardized reference percentiles in
different populations, differingmeasurement techniques, and uncertainty about cut-
offs that best predict long-term risk. For example, a very recent study from Macao
established new age – and sex-specific percentile curves for WC among 6 – to 20-
year-olds, highlighting differences in growth patterns and cut-off trajectories
compared to other populations [10].

1.1 Aim of this chapter

To critically compare waist circumference vs BMI as predictors of
cardiometabolic risk in children and adolescents. This chapter will examine the
epidemiology of pediatric obesity, the biological plausibility of visceral fat as a driver
of metabolic disease, empirical evidence from recent pediatric studies, and the
clinical and public health implications of adopting waist-based measures alongside or
instead of BMI in routine screening.
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2. Anthropometric assessment of pediatric adiposity

2.1 Body mass index (BMI): Strengths and limitations

2.1.1 Simplicity and widespread use

BMI, defined as weight in kilograms divided by height in meters squared,
remains the most widely used index for assessing overweight and obesity in
children and adolescents. Its appeal lies in its simplicity, low cost, and
standardization by age and sex, which make it suitable for both surveillance and
clinical screening[11]. Recent analyses confirm that elevated BMI in youth is
significantly associated with higher total body fat, supporting its utility as a first-
line screening too [12].

2.1.2 Poor reflection of fat distribution

Despite its utility, BMI does not differentiate between fat and lean mass
and provides no information about fat distribution. Two adolescents with
identical BMI values may differ substantially in visceral fat burden and
cardiometabolic risk [11]. Cross-sectional pediatric studies demonstrate that BMI
z-scores correlate well with total fat mass but less strongly with relative fat
percentage, especially in children younger than 9 years [13]. Moreover, during
puberty, changes in lean mass can obscure true adiposity when relying solely on
BMI [14].

2.1.3 Influence of age, sex, puberty, ethnicity

Interpretation of BMI in pediatric populations requires adjustment for age, sex,
and pubertal stage. A BMI percentile deemed “normal” for one child may correspond
to a very different metabolic risk profile in another [11]. Ethnic differences further
complicate this picture: Asian children, for example, may experience higher
metabolic risk at lower BMI thresholds compared to peers of European descent [15].

In sum, BMI is a practical and valuable tool, but it should not be considered
a definitive measure of adiposity or risk in children.

2.2 Waist circumference (WC) and waist-to-height ratio (WTHR)

2.2.1 Measurement methodology and feasibility

Waist circumference is measured using a calibrated, non-stretchable tape at
a standardized anatomical site (often the midpoint between the lowest rib and iliac
crest or at the umbilicus). The procedure is inexpensive, rapid, and minimally
invasive. The waist-to-height ratio (WtHR) is derived by dividing WC by standing
height, thereby adjusting for stature [15].

2.2.2 Advantages: Surrogate marker of visceral fat

WC and WtHR more closely reflect central adiposity and visceral fat, which are
metabolically more detrimental than subcutaneous fat. A longitudinal cohort of over
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7,200 participants followed from childhood into young adulthood demonstrated that
WtHR was more strongly correlated with dual-energy X-ray absorptiometry
(DEXA) measures of trunk and total fat than BMI, and better distinguished lean
from fat mass [16]. Similarly, cross-sectional studies consistently show stronger
associations of WC and WtHR with dyslipidemia, insulin resistance, and
hypertension compared to BMI [17].

2.2.3 Proposed pediatric thresholds

A frequently cited cut-off for WtHR is 0.5, summarized in the aphorism “keep
your waist less than half your height.” [18] While pragmatic, this threshold may not
capture ethnic and sex-specific variations in risk, and meta-analyses suggest that
optimal cut-offs may differ across populations [19]. Recently, new percentile curves
for WC were generated for children and adolescents in Macao, underscoring the
variability in normative values between populations and the need for regional
reference data [10].

Overall, WC and WtHR provide practical and clinically meaningful
improvements over BMI by better capturing visceral adiposity, although consensus
on standardized pediatric cut-offs remains elusive.

2.3 Advanced body composition techniques (DXA, MRI, ADP, BIA)

2.3.1 Higher accuracy compared to anthropometrics

Imaging-based and advanced techniques provide direct and more accurate
quantification of fat distribution. DEXA can differentiate fat and lean mass
regionally and has been validated as a reference for body composition in children.
For instance, Verduin et al. used DEXA to establish percentiles of visceral adipose
tissue in 10–11-year-olds independent of BMI and WC [20]. MRI is a noninvasive
research tool widely used to measure visceral and hepatic fat without ionizing
radiation, offering precise quantification of intra-abdominal adiposity in children
[21]. Air displacement plethysmography (ADP) is often considered a reference
method in pediatric body composition, while bioelectrical impedance analysis
(BIA) provides a more accessible, noninvasive alternative albeit with
acknowledged limitations in precision [22, 23].

2.3.2 Limitations: Cost, accessibility, and radiation (for DXA)

Despite their precision, these methods are resource-intensive. DXA involves low-
level radiation exposure and is not universally available; MRI is expensive and time-
consuming; ADP requires specialized equipment; and BIA, while portable and
inexpensive, is sensitive to hydration status and body geometry, limiting its
reliability in obese children [22, 24].

2.3.3 Comparative insights

Advanced imaging offers excellent precision but is impractical for widespread
pediatric screening; hence anthropometric measures – especially WC and WtHR –
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are indispensable in public health and clinical practice, given continued validation
against imaging techniques [25].

3. Visceral fat and cardiometabolic dysfunction in children

3.1 Mechanistic links

3.1.1 Free fatty acid overflow

Visceral adipocytes have a high lipolytic rate and release a significant flux of free
fatty acids (FFAs) into the portal circulation. This overflow of FFAs to the liver
impairs hepatic insulin signaling, enhances gluconeogenesis, and stimulates
lipoprotein production (especially VLDL), thereby contributing to
hypertriglyceridemia and systemic insulin resistance [26].

Furthermore, the accumulation of FFAs is a well-recognized driver of ectopic
lipid deposition and lipotoxic stress in non-adipose tissues [27].

3.1.2 Adipokines: Leptin, adiponectin, resistin

Visceral fat behaves as an endocrine organ by secreting adipokines that modulate
metabolism and inflammation. In children with central obesity, leptin levels tend to
be elevated (reflecting leptin resistance), which disrupts energy homeostasis and
appetite regulation [28]. In parallel, adiponectin – known for its insulin-sensitizing
and anti-inflammatory roles – is consistently found at lower concentrations in youth
with visceral adiposity; lower adiponectin levels correlate with dyslipidemia and
insulin resistance [26]. Resistin, predominantly from visceral depots, may amplify
inflammatory pathways and impair endothelial function, though data in pediatric
populations remain less abundant [29].

3.1.3 Low-grade inflammation and oxidative stress

Visceral fat expansion evokes recruitment of immune cells (macrophages, T cells)
and secretion of proinflammatory cytokines (TNF-α, IL-6), activating NF-κB and
other inflammatory cascades; this chronic low-grade inflammation undermines
insulin signaling and contributes to vascular injury and atherogenesis [30, 31].

Simultaneously, hypertrophied adipocytes generate reactive oxygen species
(ROS), which exacerbate oxidative stress, damagemitochondrial function, and blunt
insulin receptor pathways. The intersection of inflammation and oxidative stress is
central to the pathophysiology linking visceral fat to metabolic dysfunction [26].

3.1.4 Endothelial dysfunction and prothrombotic milieu

Inflammation and oxidative stress from visceral adiposity reduce nitric oxide
(NO) bioavailability, impairing endothelial vasodilatory function – a key early step
toward atherosclerosis [32]. Moreover, visceral fat promotes a prothrombotic
environment by increasing plasminogen activator inhibitor-1 (PAI-1) and fibrinogen
levels, contributing to coagulation risk [33].
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3.2 Ectopic fat deposition

3.2.1 Liver (NAFLD/MASLD)

Excess FFAs from visceral adiposity lead to triglyceride accumulation in
hepatocytes and promote hepatic steatosis. In pediatric cohorts, the prevalence of
non-alcoholic fatty liver disease (NAFLD) (or the newer term MASLD – Metabolic
Dysfunction Associated Steatotic Liver Disease) is increasing, and central
adiposity is among the main predictors of hepatic fat content and elevated ALT
levels [28].

In a large cohort of 10-year-olds, liver fat quantified by MRI showed that even
within the so-called “normal” range (<5%) is linearly associated with higher blood
pressure, insulin resistance, triglycerides, and clustering of metabolic risk,
independent of BMI [34].

3.2.2 Heart

Visceral adiposity may also manifest in or influence the heart via epicardial
adipose tissue (EAT). In adolescents, increased EAT thickness measured by imaging
correlates with insulin resistance and early indices of cardiac dysfunction [35].

EAT, being contiguous with the myocardium, may exert paracrine and
mechanical effects, accelerating local inflammation and remodeling [36].

3.2.3 Kidney

Perirenal and renal sinus fat depots are emerging as potentially pathogenic
ectopic fat tissues. In obese children, higher perirenal fat volume has been associated
with elevated blood pressure and impaired renal hemodynamics, possibly through
mechanical compression of renal structures and sodium handling alterations [37].

3.3 Clinical consequences

3.3.1 Anthropometric indices as predictors of MASLD in overweight and obese children
in children

Metabolic Dysfunction Associated Steatotic Liver Disease (MASLD) is diagnosed
by the presence of hepatic steatosis together with at least one cardiometabolic risk
factor.: 1) BMI ≥ the 85th percentile for age/sex or waist circumference (WC) > the
95th percentile; 2) fasting plasma glucose (FPG) ≥5.6mmol/L; 3) BP ≥ the 95th
percentile33 or ≥130/80mmHg for children aged <13 years and ≥130/85mmHg for
children aged ≥13 years; 4) serum triglyceride (TG) concentration ≥1.15mmol/L for
children <10 years-old and ≥1.70mmol/L for children ≥10 years-old; 5) high-density
lipoprotein cholesterol (HDL-C) concentration ≤1.0mmol/L [38].

MASLD is increasingly prevalent in pediatrics and, if untreated, contributes to
greater metabolic disease burden in adulthood. Adiposity and weight gain worsen
MASLD, while weight reduction improves outcomes. Hepatic steatosis may also
result from other illnesses, alcohol use, genetic disorders, nutritional deficiencies,
medications, gut microbiota changes, or endocrine disorders, so these causes must be
ruled out rather than assuming obesity alone is responsible [39].
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The North American Society for Pediatric Gastroenterology, Hepatology and
Nutrition (NASPGHAN) guidelines recommend screening for MASLD in children
aged 9–11 with obesity or in overweight children with additional risk factors, while
the European Society for Pediatric Gastroenterology, Hepatology and Nutrition
(ESPGHAN) advises the use of ultrasound alongside ALT for diagnosis [40]. MASLD
is the most common liver disease in adolescents with obesity. In a study of 758
adolescents with severe obesity (BMI z-score >2), researchers evaluated which
indicators best reflected the prevalence and severity of MASLD. Waist-to-height
ratio was the most sensitive measure, the hepatic steatosis index showed the
strongest association, and the liver enzymes alanine aminotransferase and aspartate
aminotransferase were most closely linked to the presence and severity of the
disease [41].

It was demonstrated that adolescents, males, Mexican Americans, and those with
high waist circumference and BMI greater than 85th percentile are more likely to
have MASLD [42].

In adults, waist circumference and metabolic indices serve as early markers of
MASLD, where timely diagnosis can prompt lifestyle changes to prevent progression
[43]. Also, in a review of studies up to 2014, the authors evaluated in adults, both
body mass index (a measure of general obesity) and waist circumference (a measure
of central obesity) in relation to the risk of nonalcoholic fatty liver disease, adjusting
for body mass index. While both measures were independently associated with the
disease, only central obesity showed a statistically significant association [44].

In children, as in adults, waist circumference, body mass index, and abdominal
subcutaneous fat thickness are predictive of severe non-alcoholic fatty liver disease.
Ultrasonography was used to assess fatty liver and its severity in 110 children aged
6.2–17.9 years who were overweight or obese, with waist circumference showing the
highest predictive accuracy. Among the parameters, waist circumference and
abdominal subcutaneous fat thickness were predictive in specific age groups [45].

Weng et al. analyzed data from 1,559 U.S. children and adolescents in the 2017–
2020 NHANES survey and found that larger arm circumference (AC) was positively
associated with NAFLD risk and greater liver steatosis severity. They also observed
a non-linear relationship with an inflection point at 34.5 cm. The study suggests AC
may serve as a useful marker for childhood NAFLD [46].

The latest American Association for the Study of Liver Diseases guidelines
recommend ALT as the primary screening tool for MASLD in children aged 10 years,
or earlier in those with cardiometabolic risk factors, family history, or severe obesity,
with ultrasound considered as an initial imaging modality to support diagnosis [39].

In a study of 322 children (median age 13 years), higher ALT levels were
associated with increased age, BMI, and waist circumference, with a male
predominance. ALT was an effective initial screening tool for detecting increased
liver stiffness, suggestive of significant fibrosis, in children with obesity or
overweight and additional risk factors [47].

A study of 219 children with obesity (79 with MASLD and 140 without) assessed
demographic, anthropometric, body composition, and biochemical variables.
Multivariable logistic regression, stratified analyses, machine learning methods
(Random Forest, LASSO regression), mediation analysis, and a nomogram were
employed. This model integrating weight, waist circumference, body fat mass, and
alanine aminotransferase (ALT) predicted metabolic dysfunction-associated
steatotic liver disease with an AUC of 0.861, surpassing single-parameter
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approaches. These factors act synergistically to increase disease risk, with ALT
mediating approximately one-third of the adiposity–MASLD relationship while
maintaining an independent role. The validated nomogram offers individualized risk
assessment, emphasizing the value of early ALT monitoring and adiposity
management, particularly in children with obesity lasting more than three
years [48].

In addition, a study published in The Lancet Regional Health, that employed
machine learning methods demonstrated that the waist-to-height ratio (WHtR)
represents a simple and practical tool for predicting pediatric MASLD. A cutoff of
WHtR ≥0.48 may support early detection and management, particularly in
populations with an obesity prevalence of ≥12.0%. For individual screening,
the combination of WHtR ≥0.48 and lipid accumulation product
(LAP) ≥668.22 cm ×mg/dL is recommended. When integrated with regional obesity
prevalence, these indices not only enable estimation of MASLD burden but also
highlight the potential benefits of targeted screening strategies across populations
with different levels of obesity risk [49].

The first prospective study on the natural history of pediatric NAFLD, using
per-protocol timed liver biopsies in children from the placebo arms of two large
multicenter clinical trials, was published in 2020. Participants received only
standard lifestyle counseling consistent with routine primary care for children with
overweight or obesity. Progression to definite NASH and fibrosis was associated
with adolescent age, elevated transaminases, higher waist circumference, higher
LDL cholesterol, and worsening liver enzymes over time, whereas increased
gamma-glutamyl transferase was linked to a reduced likelihood of
improvement [50].

As highlighted above, ALT is used for MASLD screening. In a study aiming to
optimize ALT cutoffs for diagnosing MASLD, ALT 95th percentiles of 24–29 U/L
were identified in girls and 29–32 U/L in boys aged 6–17 years. Differences from
NHANES cutoffs highlight how reference criteria affect MASLD prevalence
estimates. Age-, sex-, and puberty-specific cutoffs are preferable, especially in
children <12 years. Since ALT may be normal despite MASLD, improved imaging
and noninvasive diagnostics are needed to optimize screening and reduce
unnecessary burden [51].

Lifestyle interventions focused on physical activity and nutrition are the
cornerstone of treatment and should continue even if other therapies are introduced.
The use of anti-obesity medications is recommended to aid weight reduction, and
bariatric surgery is also an option for patients with MASLD and obesity. Early
treatment is encouraged to help reduce the long-term economic and health burden of
worsening metabolic disease [39].

3.3.2 Antropometric indices and dislipidemia in overweight and obese children

Children with high visceral adiposity often exhibit an atherogenic lipid profile –
elevated triglycerides, low HDL cholesterol, and increased small dense LDL. These
lipid disturbances tend to correlate more strongly with waist-based measures than
with BMI [52–54].

Lipid disorders are a common problem in overweight and obese children andmay
significantly contribute to the increase in cardiovascular risk in the population of
young adults [55, 56].

Body Mass Index in Clinical Practice

112



The age at which dyslipidemia is assessed in children is highly relevant. Puberty
exerts a visible effect on lipid metabolism, characterized by a decrease in HDL-C,
LDL-C, and total cholesterol, alongside an increase in triglycerides, when comparing
pubertal with prepubertal children. These changes have been documented both in
the general pediatric population and among children with obesity [57].

In a case-control study, it was shown that children with dyslipidemia were older
and had elevated fundamental anthropometric measurements, such as waist
circumference and BMI, compared to overweight and obese children without lipid
abnormalities [58].

In an Indian cohort study on obese children, impaired LDL and HDL levels
demonstrated a female predominance, whereas elevated triglyceride levels were
observed more frequently among males [59]. In contrast, a large cohort study from
Poland reported elevated triglyceride values among overweight and obese children,
with a higher prevalence observed in girls [55].

In children and adolescents with type 1 diabetes, lipid disorders are common,
particularly among those who are overweight or obese. These disorders involve not
only quantitative abnormalities but also functional alterations in lipoprotein
fractions. Notably, HDL loses its protective cardiovascular role in type 1 diabetes due
to dysfunction, as its proteome exhibits an altered protein composition compared
with that of healthy individuals [60].

In type 1 diabetes, obesity and hyperglycemia promote the early presence of
oxLDL, its associated enzyme, and antibodies in the circulation, indicating their
potential value as early biomarkers of cardiovascular disease (CVD) [61].

Dyslipidemia was more frequently observed in adolescents with well-controlled
diabetes who were overweight or obese, compared to those with poorly controlled
diabetes but normal body weight, which underscores the importance of assessing
anthropometric indices associated with dyslipidemia [62].

3.3.3 Antropometric indices and insulin resistance in overweight and obese children

Visceral fat is a principal driver of insulin resistance in youth: the combined
effects of FFA overflow, hypoadiponectinemia, and inflammation converge to
impair insulin sensitivity and β-cell function, raising the risk of impaired glucose
tolerance and early type 2 diabetes [28, 63].

In children and adolescents, waist circumference (WC) has proven to be
a clinically meaningful measure of both overall and central adiposity, independent of
BMI. Its strong associations with insulin resistance, proinsulin and fasting insulin
underscore its predictive value for early metabolic dysfunction [64]. Similarly,
previous studies have demonstrated that waist circumference is significantly
correlated with insulin levels in obese children, thereby supporting its validity as
a practical and reliable marker for the early identification of hyperinsulinemia [65].

Lipocalin-2, produced by adipose and immune cells, is associated with
inflammation and may represent a link between obesity, insulin resistance, and
cardiovascular disease. Lipocalin-2, serum insulin, and HOMA-IR were positively
correlated with weight, BMI, and waist circumference. Thus, simple anthropometric
measurements combined with serum lipocalin-2 can help predict insulin resistance
in obese children, whereas serum adipsin and IL-10 showed no such association [66].

Disruptions in glucose and lipid regulation emerge early in obesity, increasing the
risk of developing type 2 diabetes and cardiovascular disease at a young age. Some
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researchers recommend incorporating the oral glucose tolerance test into the routine
evaluation of children with a BMI above 2 SDS [67].

Relatively recent, some researchers point out that current BMI and WC cut-offs
do not adequately reflect regional fat depots, which vary by age and sex.
Additionally, insulin resistance–based cut-offs increase with age from childhood to
adulthood and should be adjusted accordingly [68]

Both waist circumference and BMI showed significant correlations with insulin
resistance as measured by HOMA-IR. Waist circumference may serve as a practical
clinical tool to identify children at risk [69], while HOMA-IR demonstrates a strong
correlation with BMI and can be considered a surrogate marker of insulin
resistance [70].

Although obesity in childhood clearly increases future metabolic risk, BMI alone
is a limited measure of adiposity. Many studies have shown that Waist-based indices
such asWC and waist-to-height ratio (WHtR) appear to capture metabolic risk more
effectively, though the evidence in pediatric populations is still mixed [71–73]. But,
most studies remain cross-sectional, underscoring the need for large, long-term
cohorts to evaluate which measures best predict adult insulin resistance and related
outcomes [71–73].

3.3.4 Other comorbidities in overweight and obese children

Central obesity is robustly linked with elevated blood pressure in pediatric
populations. Mechanisms include sympathetic overactivity, salt retention,
endothelial dysfunction, and vascular stiffness. Studies show that WC and WtHR
outperform BMI in predicting hypertension in youth cohorts [74–76].

Elevated 8-iso-PGF2α levels in obese children are associated with high blood
pressure, visceral adiposity, and increased insulin resistance, suggesting that this
biomarker may play a role in the development of cardiovascular diseases and could
serve as a sensitive tool for early diagnosis [77].

Seven-year follow-up assessments of obese children at 8 years of age showed that
neither BMI nor waist circumference reliably predicted cardiovascular risk clustering
when adiposity was excluded as a contributing factor [78].

In individuals with type 1 diabetes, carotid intima-media thickness (cIMT)
demonstrates a significant association with waist circumference but not with BMI.
This finding underscores the superior discriminatory value of waist circumference as
an indicator of central adiposity and its related metabolic perturbations. Visceral fat
accumulation, reflected more accurately by waist circumference, contributes to
insulin resistance through elevated free fatty acid flux, dysregulated carbohydrate
and lipid metabolism, and the pro-inflammatory and pro-coagulant milieu of chronic
hyperglycemia. These mechanisms collectively promote early atherosclerotic
progression, thereby explaining the stronger correlation between cIMT and waist
circumference than with BMI [18].

4. Clinical and public health implications

4.1 Integrating WC in routine pediatric assessments

Despite compelling evidence linking waist circumference (WC) to visceral
adiposity and early cardiometabolic dysfunction, it remains underutilized in pediatric
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settings compared with body mass index (BMI). Incorporating WC into routine visits
for children and adolescents could substantially improve risk stratification, as the
measurement is inexpensive, quick, and noninvasive, requiring minimal training and
no specialized equipment. Regular monitoring of WC alongside BMI provides a more
comprehensive picture of body fat distribution and itsmetabolic consequences [10]. In
large pediatric cohorts, WC has demonstrated stronger associations than BMI with
insulin resistance, elevated triglycerides, reduced HDL cholesterol, and early
hypertension, supporting its value as an adjunct to BMI for earlier identification of
high-risk children and for enabling timely intervention [74].

Advanced imaging methods, such as dual-energy X-ray absorptiometry (DXA)
and air displacement plethysmography, provide more precise fat estimates, but their
longitudinal predictive value in children has not yet been established. For now,
simple anthropometric measures – particularly WC and WHtR – offer inexpensive,
practical tools for improving early risk stratification beyond BMI alone [71].

However, looking ahead, it has been suggested that BMI and waist circumference
should be replaced by more precise measures of body fat and regional fat depots,
given their stronger associations with metabolic disturbances [68]. Other researchers
hold the opposite view. They argue that dual-energy X-ray absorptiometry (DXA)
for body composition analysis should remain limited to research settings, as it does
not appear to provide additional or earlier insights into obesity-related metabolic
complications [67].

4.2 Recommended cut-offs by WHO, IDF, AAP

Although international health bodies increasingly acknowledge the role of central
adiposity, their recommendations remain fragmented and inconsistent. The World
Health Organization (WHO) recognizes WC and waist-to-height ratio (WtHR) as
useful markers of cardiometabolic risk in pediatric populations but highlights the
absence of universal standards and emphasizes the need for population-specific
reference data, which limits cross-regional comparability [1, 79]. The International
Diabetes Federation (IDF) includes waist circumference (WC) as a necessary criterion
in pediatric metabolic syndrome for children aged ten years and older, applying age –
and sex-specific percentiles (e.g. WC≥90th percentile) [80]. Nevertheless, these
thresholds vary widely across cohorts, reflecting the lack of a harmonized
methodology. Similarly, the American Academy of Pediatrics (AAP), in its 2023
clinical practice guideline, advocates for WC measurement as a complement to BMI
when screening for comorbidities such as dyslipidemia, hypertension, and fatty liver
disease. However, WC assessment is still rarely incorporated into electronic health
record templates or preventive screening protocols, underscoring the persistent gap
between recommendations and clinical implementation [15]. Taken together, these
discrepancies highlight an urgent need for globally harmonized, evidence-based cut-
offs for WC in pediatric populations. Without consensus, the utility of WC as
a universal screening tool remains limited, and opportunities for early prevention of
cardiometabolic disease are repeatedly missed.

4.3 Barriers to implementation

Several barriers continue to hinder the widespread adoption of WC in pediatric
practice. One of the most fundamental is the absence of consensus on the anatomical
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site of measurement. While some protocols recommend using the midpoint between
the iliac crest and the lowest rib, others measure at the umbilical level, producing
inconsistencies that undermine comparability across studies and clinical care [81].WC
also lacks standardized, globally accepted percentile charts similar to those available
for BMI. Instead, cut-off percentiles differ markedly by country, sex, age, and
ethnicity; for example, recently published reference curves from Macao diverge
substantially from European and North American data, highlighting the challenge
of cross-population interpretation [10]. Finally, limited awareness and
implementation exacerbate the problem: pediatricians are still primarily trained to rely
on BMI, and WC measurement remains absent from many electronic health records
and screening protocols, thereby widening the gap between evidence and
practice [74].

4.4 Potential for combined use of WC and BMI

Emerging evidence suggests that the combination of BMI and WC may offer the
strongest predictive utility. Children who present with both high BMI and elevated
WC are at markedly higher risk of insulin resistance, dyslipidemia, and hypertension
compared with those identified by BMI alone [82]. A pragmatic two-step approach
has been proposed: BMI can serve as the initial screening tool to identify overweight
and obese children, followed by WC or WtHR for risk stratification to capture
central adiposity, even among those in the upper-normal BMI range. This dual
strategy enhances early identification of children who require intervention and
allows more efficient allocation of clinical and public health resources [18].

Ultimately, without standardized protocols and globally harmonized cut-offs, the
integration of waist circumference into pediatric practice will remain fragmented,
perpetuating underdiagnosis and delaying intervention. Bridging this gap between
evidence and implementation is essential not only for optimizing individual patient
care but also for advancing population-level strategies to curb the long-term
cardiometabolic burden of childhood obesity.

5. Future research directions

Progress in understanding the relationship between central adiposity and
cardiometabolic risk in children has been significant, but critical knowledge gaps
remain. Future research must prioritize large-scale, ethnically diverse, and
longitudinal cohorts that can map trajectories of adiposity and metabolic health from
childhood into adulthood. Existing evidence is predominantly cross-sectional,
limiting causal inference, and long-term follow-up studies are essential to determine
whether waist circumference (WC) and waist-to-height ratio (WtHR) in childhood
genuinely predict incident type 2 diabetes, hypertension, or cardiovascular events in
adult life [71].

Another pressing need is the development of sex – and ethnicity-specific cut-offs.
Current thresholds, often anchored to the 90th percentile, do not adequately reflect
differences in body fat distribution between boys and girls, nor do they account
for ethnic variations in cardiometabolic risk. Recent multinational analyses confirm
that optimal WtHR cut-offs can differ significantly between populations, suggesting
that a universal threshold may not be appropriate [20]. Establishing harmonized,
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population-specific reference values will be critical for improving both accuracy and
equity in pediatric risk assessment.

Future research should also focus on integrating anthropometry with imaging
and molecular biomarkers. Advanced imaging modalities such as MRI and DXA
provide precise quantification of visceral and ectopic fat, while circulating
biomarkers of inflammation (e.g., hs-CRP, IL-6), oxidative stress, and adipokine
profiles (e.g., leptin, adiponectin) offer mechanistic insights. Combining WC or
WtHR with these tools may yield more robust risk stratification models and help
clarify causal pathways linking central adiposity to cardiometabolic dysfunction
[83, 84]. However, the feasibility and cost-effectiveness of integrating such
measures into routine pediatric care remain to be determined.

Finally, the emergence of artificial intelligence (AI) and machine learning (ML)
models offers new opportunities for precision risk prediction. Algorithms that
integrate anthropometrics, imaging, laboratory biomarkers, and electronic health
record data have shown promise in predicting obesity-related complications in
children with greater accuracy than traditional models. By leveraging large datasets,
AI could help refine cut-offs, identify novel risk phenotypes, and personalize early
interventions. Nevertheless, ethical concerns, algorithmic bias, and the need for
external validation across diverse populations must be carefully addressed before
widespread implementation.

In summary, future research should move beyond isolated anthropometric
indicators toward a multidimensional approach that combines WC and WtHR with
imaging, biomarkers, and predictive analytics. Such efforts will be pivotal in
bridging the current gap between epidemiological evidence and clinical application,
ultimately enabling more accurate, equitable, and personalized strategies for
preventing cardiometabolic disease in children.

6. Conclusions

The evidence reviewed in this chapter demonstrates that waist circumference
(WC) provides a superior reflection of central adiposity compared with body mass
index (BMI) and is more strongly associated with early manifestations of
cardiometabolic dysfunction in children and adolescents. Elevated WC consistently
correlates with insulin resistance, dyslipidemia, hypertension, and ectopic fat
deposition, whereas BMI, although useful for classifying general overweight and
obesity, fails to capture these high-risk metabolic phenotypes.

Nevertheless, BMI remains valuable as an easily accessible, standardized, and
globally recognized metric. Its simplicity and widespread use in surveillance and
clinical practice ensure that it will remain an indispensable screening tool.
Importantly,WC and BMI should not be viewed as competing measures but rather as
complementary indicators that, when combined, provide a more comprehensive
assessment of pediatric adiposity and associated risk. Children with elevated BMI but
normal WC may have a more benign metabolic profile, whereas those with
concurrent elevation of both indices are at particularly high risk for cardiometabolic
complications.

The routine implementation of WC measurement in pediatric practice is
therefore warranted. Its inclusion alongside BMI in both clinical workflows and
public health surveillance would allow for earlier and more accurate
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identification of children at increased risk, facilitating timely interventions to
prevent the progression to type 2 diabetes, cardiovascular disease, and other
obesity-related disorders. This approach aligns with calls from the World Health
Organization, the International Diabetes Federation, and the American Academy
of Pediatrics, all of which emphasize the importance of assessing central
adiposity, even though consensus on measurement techniques and cut-offs
remains incomplete.

Moving forward, harmonization of WC protocols and reference values will be
essential to maximize its clinical utility and ensure comparability across populations.
In the meantime, pediatricians and public health professionals should not delay the
integration ofWC into routine assessments, given its low cost, ease of use, and added
predictive power. The integration of WC into everyday practice represents not only
a refinement of obesity screening but also a crucial step toward bridging the gap
between epidemiological evidence and real-world prevention of cardiometabolic
disease in the next generation.

Measuring the waist may prove as vital as weighing the child – only by combining
both can we truly prevent the cardiometabolic diseases of tomorrow.
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Chapter 5

Perspective Chapter: Beyond
BMI – Rethinking Obesity
Assessment in Women’s Health
Tuğba Gürbüz and Oya Gökmen

Abstract

Body mass index (BMI) remains the most frequently used anthropometric index
for classifying obesity in both clinical and public health settings. Despite its simpli-
city and utility, BMI fails to capture the heterogeneity of body composition and the
unique physiological, hormonal, and metabolic conditions that affect women
throughout their lifespan. The limitations of BMI are particularly evident in repro-
ductive-aged, pregnant, and postmenopausal women, where factors such as fat
distribution, muscle mass, and visceral adiposity play more critical roles in disease
risk than total body weight alone. This chapter explores the historical context,
methodological limitations, and clinical misapplications of BMI in women’s health,
emphasizing its inadequacy in capturing nuanced risk profiles. It further examines
alternative assessment tools – including waist-to-hip ratio, body fat percentage,
imaging modalities, and metabolic markers – and advocates for a multidimensional,
individualized approach to obesity evaluation. Moving beyond BMI, this chapter
aims to offer a comprehensive framework that aligns obesity assessment with pre-
cision medicine and sex-specific healthcare needs.

Keywords: body mass index (BMI), visceral adiposity, reproductive endocrinology,
polycystic ovary syndrome (PCOS), metabolic health, precision medicine

1. Introduction

Obesity is a global health crisis with disproportionate implications for women
across different stages of life, from adolescence and reproductive years to menopause
and beyond. Traditionally, body mass index (BMI) has served as the primary tool for
assessing obesity, largely due to its simplicity, reproducibility, and widespread use in
population-level epidemiological studies. Calculated as weight in kilograms divided
by height in meters squared (kg/m2), BMI has long been considered a surrogate for
adiposity and metabolic health risk. However, emerging evidence suggests that BMI
may not be an accurate or sufficient indicator of health status in women, especially
when viewed through the lens of reproductive endocrinology and maternal-fetal
medicine [1, 2].
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Women experience dynamic physiological changes – including hormonal
fluctuations, shifts in fat distribution, and alterations in insulin sensitivity – that can
significantly affect body composition without necessarily altering BMI. For instance,
a woman with a BMI of 25 kg/m2 may have vastly different health risks depending on
whether her adiposity is predominantly subcutaneous or visceral [3]. These
variations are particularly consequential during critical reproductive windows, such
as preconception, pregnancy, and the postpartum period, where metabolic
adaptations and inflammatory responses can profoundly influence outcomes [4].

Furthermore, BMI does not differentiate between lean mass and fat mass, nor
does it account for ethnic differences in body composition or the phenomenon of
“normal weight obesity (NWO),” where individuals exhibit cardiometabolic risk
despite having a BMI within the normal range [5]. This diagnostic blind spot is
especially problematic in clinical decisions regarding fertility treatment, polycystic
ovary syndrome (PCOS), gestational diabetes mellitus (GDM), and hypertensive
disorders of pregnancy. For example, BMI has limited utility in predicting ovulatory
function or oocyte quality in assisted reproductive technologies (ARTs) [6].

The overreliance on BMI may also mask the need for timely intervention in
women whose weight does not meet clinical thresholds for obesity but whose
metabolic risk is significantly elevated. In this context, emerging diagnostic
approaches – such as waist-to-hip ratio (WHR), dual-energy Xray absorptiometry
(DEXA), and serum adipokine profiling – offer more nuanced, individualized risk
stratification [7]. These tools reflect a growing recognition that effective obesity
assessment in women must transcend a one-size-fits-all metric and instead embrace
a multifactorial, sex-specific approach aligned with precision medicine.

In the following sections, this chapter will critically evaluate the conceptual and
methodological limitations of BMI, present alternative and complementary tools for
assessing obesity in women, and propose an integrated framework that enhances
clinical decision-making in gynecology, obstetrics, and reproductive medicine.

2. Historical background and evolution of BMI

BMI was first conceptualized in the nineteenth century by Belgian mathematician
and statistician Adolphe Quetelet, who introduced the Quetelet Index as a tool to
describe the “average man” in anthropometric studies. His intent was not to measure
health or adiposity but to develop a statistical model of human growth and
morphology [8]. Despite its nonmedical origins, the Quetelet Index was later
rebranded as BMI and adopted in clinical and epidemiological contexts during the
mid-twentieth century, particularly following the work of Ancel Keys and colleagues
in 1972, who validated its correlation with body fat and mortality in selected
populations [9].

Over the decades, BMI has become the most commonly used metric to classify
individuals into categories of underweight, normal weight, overweight, and obesity,
with fixed cutoffs established by the World Health Organization (WHO). These
thresholds – <18.5 kg/m2 for underweight, 18.5–24.9 for normal, 25.0–29.9 for
overweight, and ≥30.0 for obesity – have been adopted globally due to their ease of
use and scalability in large populations [10]. The widespread institutionalization of
BMI in public health policy, insurance systems, and clinical guidelines has further
entrenched its dominance as the de facto standard for assessing adiposity.
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However, the very simplicity that renders BMI attractive also underpins its
fundamental weaknesses. As a two-dimensional index derived solely from weight
and height, BMI makes no distinction between lean bodymass and fat mass, nor does
it account for fat distribution, bone density, age, sex, or ethnicity – all of which
significantly influence metabolic risk [11]. In women, this becomes particularly
problematic due to physiological variations in body fat composition across the
menstrual cycle, pregnancy, and menopause, as well as differential patterns of fat
accumulation, such as gynoid versus android obesity [12].

Moreover, the BMI thresholds currently in use were derived predominantly from
studies in Western male populations and may not accurately reflect health risks in
diverse global or sex-specific cohorts. Several studies have demonstrated that
individuals of Asian descent, for example, are at increased cardiometabolic risk at
lower BMI levels compared to their Caucasian counterparts, prompting the WHO to
propose lower cutoff points for these populations [13]. In women, similar
adjustments may be necessary, given the complex interplay between reproductive
hormones, adipose tissue function, and metabolic regulation.

Despite these known limitations, BMI continues to exert disproportionate
influence in clinical decision-making, often guiding interventions ranging from
lifestyle modification to eligibility for fertility treatment or bariatric surgery. This
reliance persists despite the availability of more precise diagnostic tools and
a growing consensus in the medical literature that BMI should be used with caution –
particularly in the context of individualized, sex-specific medicine [14].

As we transition toward precision healthcare models, it becomes imperative to
reassess the historical inertia of BMI and critically evaluate its role in modern
medicine. For women, in particular, the need for more sensitive and specific
measures of adiposity and metabolic risk is not just a scientific imperative but an
ethical one.

3. Limitations of BMI in women’s health

While BMI has gained traction as a global standard for obesity classification, it has
notable and clinically significant limitations – particularly in the context of women’s
health. These limitations arise from both its methodological simplicity and its
inability to reflect the dynamic, hormonally driven physiology that characterizes the
female body across the life course. In women, especially those in reproductive,
gestational, and menopausal stages, BMI may provide misleading or incomplete
assessments of body fat distribution, metabolic health, and disease risk [15].

One of the most critical shortcomings of BMI is its failure to distinguish between
fat mass and lean body mass. Women typically possess a higher percentage of body
fat than men at any given BMI, owing to sex-specific hormonal influences such as
estrogen-mediated fat deposition [12]. This inherent biological variation results in
the underestimation or overestimation of health risks when BMI is applied uniformly
across sexes. For example, a physically active woman with high muscle mass may be
erroneously classified as overweight or obese, while a sedentary woman with
sarcopenic obesity – low muscle mass and high fat mass – may fall into the “normal”
BMI range despite significant cardiometabolic risk [16].

Another limitation lies in BMI’s insensitivity to fat distribution. Numerous
studies have established that visceral fat – rather than total fat – is a stronger
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predictor of insulin resistance, type 2 diabetes, and cardiovascular disease,
particularly in women [3, 17]. Because BMI is a global measure, it cannot account for
variations in central adiposity, which becomes more prominent with advancing age
and hormonal changes such as menopause [18]. This is especially problematic in the
evaluation of postmenopausal women, who experience a shift from peripheral
(gynoid) to central (android) fat accumulation, even in the absence of significant
weight change.

The concept of “NWO” further underscores BMI’s diagnostic limitations. NWO
refers to individuals with a BMI within the normal range but with an elevated body
fat percentage andmetabolic abnormalities [5]. This phenotype is disproportionately
observed in women and is associated with increased risks of dyslipidemia,
hypertension, and infertility. The prevalence of NWO challenges the assumption
that a “normal” BMI equates to metabolic health and underscores the need for more
sophisticated screening in clinical settings, especially in gynecology and
reproductive endocrinology.

Additionally, BMI does not adequately reflect the dynamic physiological changes
during pregnancy. Weight gain, fluid retention, and changes in body composition
during gestation can render BMI measurements obsolete or misleading [19]. For this
reason, gestational weight gain charts and prepregnancy BMI classifications are often
used in obstetric practice, though these too are subject to critique and population-
specific variability [20].

In sum, BMI’s lack of specificity, its poor correlation with visceral adiposity, and
its inability to adapt to reproductive and hormonal milestones significantly reduce its
utility in women’s health. These limitations call for a more nuanced approach – one
that incorporates sex-specific physiology, stage-of-life context, and emerging
biomarkers into obesity assessment frameworks.

4. Alternative anthropometric and imaging-based tools

Given the well-documented limitations of BMI, particularly in the context of
women’s health, a range of alternative anthropometric and imaging-based tools has
emerged to offer more accurate and individualized assessments of adiposity,
metabolic risk, and disease burden. These methods address the dimensional gaps left
by BMI – namely its inability to distinguish fat from lean mass and its failure to
capture fat distribution, particularly visceral fat, which is a crucial determinant of
metabolic dysfunction in women [3].

4.1 Waist circumference and waist-to-hip ratio

Waist circumference (WC) and WHR are widely recognized as superior
indicators of central obesity compared to BMI. Numerous studies have demonstrated
a strong correlation between WC/WHR and visceral adiposity, insulin resistance,
and cardiovascular risk – especially in postmenopausal women, where android fat
distribution becomes more pronounced [18, 21]. According to the WHO, a WC >88
cm or a WHR >0.85 in women is associated with a significantly increased risk of
cardiometabolic diseases [22].

Unlike BMI, which provides a generalized index, WC and WHR reflect body fat
distribution – a key mediator of adverse health outcomes in women with PCOS,
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GDM, and metabolic syndrome. These tools are inexpensive, reproducible, and
clinically actionable, yet remain underutilized in routine gynecological and
reproductive care [23].

4.2 Body fat percentage and bioelectrical impedance analysis (BIA)

Direct measurement of body fat percentage provides greater insight into body
composition than BMI alone. BIA and skinfold thickness measurements are among
the most accessible methods to estimate total fat mass, although their accuracy can
be influenced by hydration status, menstrual phase, and recent physical activity – all
particularly relevant in women [24]. In reproductive endocrinology, higher body fat
percentage has been associated with anovulation, poorer oocyte quality, and
suboptimal IVF outcomes – even when BMI remains within the normal range [25].

4.3 Dual-energy Xray absorptiometry

DEXA is considered the gold standard for assessing body composition, offering
precise measurements of total and regional fat mass, lean tissue, and bone mineral
density. DEXA distinguishes android and gynoid fat depots and has demonstrated
predictive value in assessing cardiovascular and metabolic risk, particularly in
perimenopausal and postmenopausal women [26]. Although more expensive and
less widely available than BMI orWC, DEXA is increasingly used in research settings
and offers critical insight in high-risk or complex clinical scenarios.

4.4 Visceral adiposity index (VAI) and lipid accumulation product (LAP)

Composite indices, such as VAI and LAP, have gained attention for their ability to
reflect both anatomical and functional aspects of adiposity. VAI incorporates WC,
BMI, triglycerides, and HDL-C levels to estimate visceral fat dysfunction, while LAP
is calculated using WC and fasting triglyceride levels. Both indices have shown
strong correlations with insulin resistance and metabolic syndrome in women and
are especially useful in identifying at-risk individuals with normal BMI but abnormal
metabolic profiles [27, 28].

4.5 Magnetic resonance imaging (MRI) and computed tomography (CT)

While not routinely used in clinical practice due to cost and accessibility
constraints, imaging modalities such as MRI and CT provide the most accurate
assessments of visceral fat compartments. These tools have elucidated the
pathophysiological role of ectopic fat deposition – intra-abdominal, hepatic, and
even pericardial fat – in contributing to cardiometabolic disease in women,
independent of BMI [29]. Their use is currently limited to specialized research
and diagnostic centers but may become more prevalent as precision medicine
evolves.

Collectively, these anthropometric and imaging-based methods represent
a paradigm shift in the evaluation of obesity. By moving beyond BMI and
incorporating these tools into clinical and research practice, particularly in the
context of women’s health, clinicians can better stratify risk, individualize care, and
improve outcomes in gynecological and reproductive medicine.
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5. BMI and women across life stages: Reproductive to postmenopausal

The physiological significance and clinical interpretation of BMI vary
substantially across the distinct reproductive stages of a woman’s life. From
adolescence to reproductive age, pregnancy, perimenopause, and postmenopause,
hormonal shifts, changes in fat distribution, and fluctuations in metabolic
homeostasis complicate the use of BMI as a universal tool. Understanding the
interaction between BMI and these life stages is essential for developing
individualized approaches to weight management and risk assessment in women’s
health.

5.1 Adolescence and early reproductive age

During adolescence and early adulthood, the female body undergoes significant
endocrinological and anthropometric changes that alter fat distribution and body
composition. Estrogen promotes the deposition of subcutaneous fat, particularly in
the gluteofemoral region, a pattern referred to as gynoid fat distribution [12]. While
this may not dramatically impact BMI, it has profound implications for metabolic
protection and fertility. Nonetheless, BMI remains the primary screening tool for
undernutrition or early-onset obesity, both of which can disrupt menstrual function
and ovarian reserve [30, 31].

In adolescents with PCOS, BMI often underrepresents the extent of visceral
adiposity and insulin resistance. Even mildly elevated BMI values may be associated
with subfertility, dyslipidemia, and hyperandrogenism in this population [32].

5.2 Pregnancy and the perinatal period

Pregnancy presents unique challenges for BMI interpretation. Prepregnancy BMI
is commonly used to stratify obstetric risk and to guide recommendations for
gestational weight gain. Women with prepregnancy BMI ≥30 kg/m2 face
significantly increased risks of GDM, hypertensive disorders of pregnancy, and
cesarean delivery [4]. However, BMI does not account for differences in fat
distribution or adipose tissue function that may influence placental development,
insulin sensitivity, or fetal growth trajectories [33].

Additionally, excessive gestational weight gain among women with a normal BMI
may still confer adverse perinatal outcomes, including fetal macrosomia and
postpartum weight retention. Conversely, some overweight women may have
metabolically healthy profiles, yet still face clinical bias due to BMI-based
categorization [34].

5.3 Perimenopause and menopause

The menopausal transition is marked by declining estrogen levels,
redistribution of adipose tissue from peripheral to central depots, and increased
visceral fat accumulation – even in the absence of weight gain [18]. As a result,
women may retain the same BMI throughout menopause while experiencing
dramatic increases in cardiometabolic risk. BMI in this phase poorly reflects the
underlying metabolic shifts, including increased inflammation, insulin
resistance, and dyslipidemia [35].
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This life stage also sees a rising prevalence of sarcopenic obesity – defined by
a combination of reduced muscle mass and increased fat mass – which can occur
even in women with normal or mildly elevated BMI. Sarcopenic obesity is associated
with impaired mobility, osteoporosis, and frailty, emphasizing the need for body
composition analysis rather than BMI alone [36].

5.4 Clinical implications across the lifespan

The application of static BMI cutoffs fails to consider the nonlinear relationship
between adiposity and health across different female life stages. Clinicians should be
cautious in interpreting BMI in isolation and must incorporate age-specific,
reproductive-stage-specific, and ethnically tailored tools for risk stratification. This
includes the complementary use of WC, DEXA scans, metabolic panels, and clinical
context in gynecology, obstetrics, and reproductive medicine.

Ultimately, a woman-centered approach that aligns anthropometric
interpretation with hormonal, reproductive, and metabolic realities is essential for
advancing precision healthcare.

6. Toward a multidimensional obesity framework in women’s health

The persistent reliance on BMI as a solitary metric for obesity classification is
increasingly at odds with the principles of precision medicine and sex-specific
healthcare. For women, whose physiological, reproductive, and metabolic profiles
are uniquely dynamic, a multidimensional framework that transcends BMI is
urgently required. This framework should integrate anatomical, biochemical,
hormonal, behavioral, and contextual elements to provide a holistic understanding
of adiposity and its consequences.

6.1 Incorporating body composition and fat distribution

Beyond total body weight, the distribution and function of adipose tissue are
critical determinants of cardiometabolic risk. Visceral adiposity, for example, is
more strongly associated with insulin resistance and endothelial dysfunction than
subcutaneous fat, particularly in midlife and postmenopausal women [3, 17]. Tools
such as DEXA, MRI, and CT imaging, though not universally available, provide gold-
standard measurements of regional fat distribution and are essential in high-risk or
research contexts. Simpler clinical surrogates – such as WC and waist-to-height
ratio – can serve as proxies for visceral fat and are cost-effective for broader
implementation [37].

6.2 Integrating metabolic and inflammatory markers

Obesity is not merely a disorder of energy imbalance but a complex, chronic
inflammatory state. This is particularly relevant in women, in whom hormonal states
(e.g., pregnancy, PCOS, menopause) interact with metabolic pathways to produce
variable phenotypes of obesity. Therefore, a multidimensional framework should
routinely include metabolic markers such as fasting glucose, insulin, triglycerides,
HDL-C, HbA1c, HOMA-IR, and emerging adipokines (e.g., leptin, adiponectin) to
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assess metabolic health beyond body size [38]. In particular, the identification of
“metabolically healthy obesity” (MHO) or “normal weight metabolic obesity”
(NWMO) phenotypes can guide targeted interventions in reproductive medicine,
endocrinology, and preventive care.

6.3 Life stage and hormonal milieu

A woman’s stage of life and hormonal status are central to interpreting any
obesity metric. Menstrual irregularities, pregnancy outcomes, and menopausal
transitions are all modulated by the hormonal and inflammatory profile, which often
diverges from BMI-based predictions [18, 35]. As such, a comprehensive obesity
model must consider gonadal steroid levels, ovarian reserve markers (e.g., AMH,
FSH), and stage-specific benchmarks when assessing risk. For example, the same
BMI value may indicate entirely different clinical implications for an adolescent with
PCOS versus a perimenopausal woman with sarcopenic obesity.

6.4 Psychosocial and behavioral context

Behavioral, socioeconomic, and cultural factors significantly shape obesity risk
and response to treatment, particularly in women. Stress, sleep disturbances, trauma
history, disordered eating, and weight stigma disproportionately affect women and
influence both fat distribution and metabolic regulation [39]. Any effective
framework must incorporate validated instruments to assess dietary intake, physical
activity, sleep quality, and mental health, alongside traditional anthropometric data.

6.5 Translational models: From concept to clinical practice

Efforts to integrate these diverse domains have led to the development of
composite indices and staging systems, such as the Edmonton Obesity Staging
System (EOSS), which stratifies risk based on metabolic, physical, and psychological
parameters rather than BMI alone [40]. In women’s health, adapting such models
with reproductive and gynecologic parameters could enhance risk prediction and
treatment personalization in areas such as infertility, prenatal care, and menopausal
health.

In summary, a truly multidimensional obesity framework in women’s health
must move beyond anthropometry and embrace a biopsychosocial model. This
requires not only the inclusion of advanced diagnostics and biomarkers but also the
contextualization of findings within a woman’s life stage, reproductive status, and
lived experience.

7. Clinical applications and future directions

Translating a multidimensional understanding of obesity into clinical practice
requires a paradigm shift – one that prioritizes individualized, evidence-based, and
sex-specific evaluation strategies. For women, whose adiposity-related health risks
vary across life stages, hormonal contexts, and reproductive statuses, reliance on
BMI alone not only limits diagnostic precision but also risks undertreatment or
overtreatment. The integration of advanced anthropometric, metabolic, hormonal,
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and psychosocial assessments into routine care can profoundly enhance outcomes in
gynecology, reproductive endocrinology, obstetrics, and preventive medicine.

7.1 Gynecology and reproductive medicine

In fertility care, the use of BMI thresholds to guide access to ARTs remains common
but increasingly controversial. Evidence shows that high BMI is associated with reduced
live birth rates and increased obstetric complications in ART cycles, yet a solely BMI-
based exclusion criterionmay ignoremetabolically healthy individuals or falsely reassure
those with normal BMI but elevated visceral adiposity or insulin resistance [6, 41].
Incorporating measures such as WC, metabolic panels, and body composition analysis
can optimize preconception counseling and treatment personalization.

In PCOS, a condition where metabolic dysfunction often coexists with
reproductive symptoms, BMI provides limited predictive value. Integrating tools
such as HOMA-IR, lipid profiles, and DEXA-derived fat distribution indices can
improve phenotypic characterization and therapeutic targeting [42].

7.2 Obstetric care

Preconception and antenatal risk stratification often rely on prepregnancy BMI,
which correlates with gestational diabetes, hypertensive disorders, and fetalmacrosomia
[4]. However, many women with elevated BMI may remain metabolically healthy, and
vice versa. A more nuanced approach – incorporating metabolic screening (e.g., HbA1c,
fasting insulin), inflammatory markers, and individualized gestational weight gain
goals – may improve both maternal and neonatal outcomes [43]. Furthermore,
understanding the interaction between adiposity, placental function, and fetal
programming requires a broader toolkit than BMI provides.

7.3 Menopausal health and chronic disease prevention

In midlife women, especially postmenopausal patients, central obesity is a major
driver of cardiovascular disease, osteoporosis, and metabolic syndrome. Sarcopenic
obesity, which often goes undetected by BMI, increases fall risk, frailty, and
mortality [44]. Tools such as DEXA, handgrip strength testing, and frailty indices
should be considered standard adjuncts to BMI in this population. Personalized
lifestyle interventions, hormone replacement therapy consideration, and
pharmacologic treatments should be informed by multidimensional risk
stratification rather than BMI alone.

7.4 Future research and policy implications

There remains a critical need for longitudinal studies evaluating the predictive
power of alternative obesity metrics in diverse female populations. Research should
explore how combining anthropometric, biochemical, and psychosocial indicators
can yield clinically actionable phenotypes. Additionally, healthcare policies must
evolve to include and reimburse more precise tools – such as DEXA scans, insulin
sensitivity assays, and behavioral risk screening – in women’s health protocols.

Finally, medical education must be updated to move beyond BMI-centric
paradigms. Clinicians should be trained in the interpretation and clinical integration of
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body composition data, metabolic markers, and life-stage-specific risks. Incorporating
these elements into electronic health records, decision-support tools, and care
pathways can standardize a more comprehensive, woman-centered approach.

8. Conclusion

The persistent reliance on BMI as a universal marker of obesity fails to capture the
complexity of female physiology, particularly across different reproductive life stages.
While BMI offers a convenient population-level screening tool, it is insufficient for
individualized risk stratification in women’s health. Its inability to differentiate between
fat and lean mass, its disregard for fat distribution, and its failure to adapt to hormonal
dynamics severely limit its clinical applicability – especially in contexts such as
infertility, pregnancy, menopause, and metabolic disorders such as PCOS.

This chapter emphasizes the need for a multidimensional, sex-specific framework
for obesity assessment. By integrating alternative anthropometric measures (e.g.,
WHR, DEXA), biochemical markers (e.g., insulin, adipokines), and life-stage-
dependent considerations, clinicians can achieve a more precise understanding of
health risks in women. Furthermore, incorporating psychosocial and behavioral
dimensions aligns obesity evaluation with modern principles of precision medicine.

Future clinical practice and health policies must evolve beyond BMI-centric
paradigms to embrace comprehensive, individualized models that reflect the unique
metabolic and reproductive physiology of women. Such an approach is not only
scientifically imperative but also ethically necessary to ensure equitable and effective
care in women’s health.
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Nomenclature

BMI Body mass index (kg/m2)
WC Waist circumference
WHR Waist-to-hip ratio
DEXA Dual-energy Xray absorptiometry
BIA Bioelectrical impedance analysis
VAI Visceral adiposity index
LAP Lipid accumulation product
PCOS Polycystic ovary syndrome
GDM Gestational diabetes mellitus
HOMA-IR Homeostatic model assessment of insulin Resistance
HDL-C High-density lipoprotein cholesterol
TG Triglyceride
MHO Metabolically healthy obesity
NWO Normal weight obesity
NWMO Normal weight metabolic obesity
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ART Assisted reproductive technologies
EOSS Edmonton obesity staging system
AMH Anti-Müllerian hormone
FSH Follicle-stimulating hormone

Appendix

As summarized inTable A1, various anthropometric and imaging-based tools are used to
assess adiposity

Appendix A: Obesity assessment tools – summary table.

Tool/index Measures Advantages Limitations

Body mass index (BMI) Weight/height2 Simple, widely used Ignores fat distribution and
lean mass

Waist circumference
(WC)

Abdominal girth Reflects central
adiposity

Cutoffs vary by population

Waist-to-hip ratio (WHR) Waist/hip
circumference

Correlates with meta-
bolic risk

Less accurate in extremely
obese individuals

Dual-energy Xray absorp-
tiometry (DEXA)

Total and regional fat,
lean, bone mass

Gold standard for
body composition

Expensive, limited
availability

BIA Body fat percentage Noninvasive, quick Affected by hydration and
menstrual cycle

Visceral adiposity index
(VAI)

WC, BMI, TG, HDL-C Estimates visceral fat
function

Complex calculation, not
routinely used

Lipid accumulation
product (LAP)

WC, triglyceride levels Correlates with insulin
resistance

Influenced by fasting state

Magnetic resonance
imaging (MRI)

Visceral fat, ectopic fat Highly accurate Costly, not used in routine
practice

Table A1.
Comparison of tools and indices used for assessing adiposity.
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Chapter 6

Body Composition Characteristics
in Aging Populations: Clinical
Limitations of BMI and
Implications for Chronic Metabolic
Diseases
Yiting Zhao, Jiangbo Ye, Wansu Yu, Qian Du and Donghui Liu

Abstract

Decades of research confirm body mass index (BMI) as a primary obesity metric
and predictor of chronic metabolic diseases (diabetes, cardiovascular diseases).
However, its clinical utility demonstrates pronounced limitations in elderly
populations due to aging-related comorbidities like sarcopenia and osteoporosis.
Adipose accumulation in aging individuals often fails to correlate with BMI elevation,
as age-related muscle atrophy and bone loss may mask fat deposition despite normal
or subnormal BMI ranges. Structural remodeling, coupled with functional
dysregulation of adipose tissue, characterized by ectopic visceral redistribution, lipid
metabolic dysregulation, and chronic inflammation, further diminishes BMI’s
sensitivity for metabolic risk stratification. Emerging evidence advocates integrating
BMI with waist circumference (WC), visceral adiposity index (VAI), and
triglyceride-glucose (TyG) index to enhance predictive efficacy for metabolic disease
risks, particularly in elderly adults. This review systematically delineates aging-
specific body composition profiles and diagnostic limitations of BMI, offering
actionable insights to refine clinical metrics and advance precision-based clinical
paradigms for aging demographics.

Keywords: body mass index, adipose tissue, obesity, sarcopenia, chronic metabolic
diseases, elderly people

1. Introduction

The World Health Organization (WHO) defines obesity as a chronic metabolic
disorder characterized by abnormal or excessive adipose fat accumulation, posing
significant health risks [1]. This pathological condition arises from interactions across
multiple systems throughout the body. In recent years, the epidemic of overweight
and obesity has emerged as a global public health challenge. The global adult
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prevalence of overweight and obesity reached two billion cases by 2021, with China,
India, and the United States of America bearing the highest burden. Projections
indicate that, without effective interventions, global obesity cases may reach
3.8 billion by 2050 [2].

2. Obesity-related pathophysiology

2.1 Chronic inflammation in obesity

Adipose tissue, especially visceral adipose tissue (VAT), is a key factor driving
chronic inflammation in obesity [3–5]. Studies show that adipocytes undergo
pathological hypertrophy, hyperplasia, and functional dysregulation under
nutrient excess, excessively producing free fatty acids (FFA), reactive oxygen
species (ROS), and pro-inflammatory cytokines (e.g., interleukin-6 [IL-6],
tumor necrosis factor-α [TNF-α]) [6]. These factors drive adipose immune cell
(macrophages and lymphocytes) infiltration and complex “immune
cell–adipocyte” crosstalk, inducing systemic chronic inflammation [3]. Under
persistent inflammatory conditions, adipocytes further activate NOD-like
receptor thermal protein domain-associated protein 3 (NLRP3) inflammasome,
inhibiting proliferator-activated receptor gamma coactivator-1α (PGC-1α)/
sirtuin 1 (SIRT1)-mediated mitochondrial biogenesis and blocking PTEN-induced
kinase 1 (PINK1)-Parkin-dependent mitophagy. This upregulates dynamin-
related protein 1 (Drp1) and downregulates mitofusin-2 (MFN2) expression in
mitochondria, ultimately inducing mitochondrial membrane potential collapse,
mitochondrial DNA (mtDNA) leakage, and energy metabolism disorders. This
cascade culminates in skeletal muscle cell apoptosis and myocardial dysfunction,
forming an “inflammation–mitochondrial injury–tissue apoptosis” vicious
cycle [7].

Additionally, obesity is linked to pathological overactivation of leptin, resistin,
and insulin-like growth factor-1 (IGF-1) signaling pathways. Adipose-derived
extracellular vesicles (EVs) and their pro-inflammatory factors (e.g., interleukin-1β
(IL-1β)) increase, coupled with n-6/n-3 polyunsaturated fatty acid (PUFA)
metabolite imbalance, collectively impairing immune cell function. These changes
not only exacerbate chronic inflammation but also promote autoimmune tendencies
while weakening immune surveillance [8]. Meanwhile, ectopic lipid deposition in
skeletal muscle induces a lipotoxic milieu, inhibits β-oxidation, and promotes
pro-inflammatory myokine secretion, driving a positive feedback loop of adipose-
skeletal muscle inflammation [9].

2.2 Effects of aging on adipose tissue

Adipocyte aging drives chronic inflammation and insulin resistance through
phenotypic remodeling, secretory dysregulation, and insulin signaling impairment,
exacerbating metabolic comorbidities [10, 11]. Concurrently, aging promotes
thermogenesis weakness, adipose redistribution from subcutaneous to visceral
regions, ectopic fat infiltration in bone marrow, and skeletal muscle atrophy [12].
Evidence implicates adipose dysfunction as a central driver of organismal aging and
age-related pathologies [12, 13].
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2.3 Obesity-related complications

Obesity acts as a pivotal risk factor for metabolic disorders, strongly linked to
type 2 diabetes mellitus (T2DM), hypertension, dyslipidemia, and obstructive sleep
apnea (OSA). These conditions cluster in metabolic syndrome (MS), collectively
heightening cardiovascular disease (CVD) risk [14]. Adipose dysfunction in obesity
drives adipokine dysregulation. Pro-inflammatory adipokines (e.g., leptin, resistin)
are upregulated, while antiinflammatory adipokines (e.g., adiponectin, omentin-1)
are downregulated [13, 15]. This adipokine imbalance, combined with insulin
resistance, triggers vascular remodeling and endothelial dysfunction, accelerating
T2DM and CVD progression [16–18].

2.3.1 Obesity and T2DM

Obesity-driven chronic inflammation disrupts glucose homeostasis through
adipose tissue infiltration by M1 macrophages and CD8+ T cells, triggering pro-
inflammatory cytokine (TNF-α, IL-6) release that impairs peroxisome proliferator-
activated receptor γ (PPAR-γ) activation and insulin signaling pathways [19, 20].
Excessive release of FFA induces lipotoxicity in hepatocytes and skeletal muscle cells
via mitochondrial dysfunction and endoplasmic reticulum (ER) stress, impairing the
insulin signaling pathway and causing insulin resistance in the liver and skeletal
muscle. In addition, prolonged hyperglycemia and overloaded FFA in pancreatic
β-cells promote dedifferentiation and apoptosis, impairing insulin secretion capacity
[20–22].

Notably, a subset of obese individuals (BMI ≥30 kg/m2) exhibit metabolically
healthy obesity (MHO), characterized by preserved adiponectin levels in plasma
and reduced oxidative stress and ceramide accumulation in skeletal muscle
compared to metabolically unhealthy obesity (MUO) counterparts [23]. This MHO
phenotype is associated with attenuated adipose inflammation, moderated lipolytic
activity, and maintained mitochondrial integrity, potentially underpinning
enhanced insulin sensitivity and β-cell function [23].

2.3.2 Obesity and hypertension

In obesity, VAT secretes pro-inflammatory cytokines (TNF-α, IL-6) and activates
macrophages and CD8+ T-cells, driving endothelial dysfunction [16, 23]. VAT also
upregulates angiotensinogen (AGT) expression, stimulates vascular smooth muscle
cell (VSMC) contraction via angiotensin II (Ang II), and promotes extracellular
matrix deposition, accelerating vascular remodeling [24, 25]. Furthermore, VAT
enhances aldosterone production through renin-angiotensin-aldosterone system
(RAAS) activation, induces sodium reabsorption via the serum/glucocorticoid-
regulated kinase 1 (SGK1) – epithelial sodium channel (ENaC) signaling pathway,
and promotes VSMC proliferation and collagen deposition, ultimately causing
sodium retention and vascular fibrosis [26]. Particularly, perivascular adipose tissue
(PVAT) in obesity elevates M1-macrophage infiltration and pro-inflammatory factor
(TNF-α, IL-6) secretion, shifting vessels from a dilated to a constricted and inflamed
state [18]. PVAT-derived Ang II further inhibits endothelial dilation through
paracrine mechanisms and accelerates vascular fibrosis [16]. Thus, systemic and
local pathologies synergistically drive hypertension pathogenesis.
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2.3.3 Obesity and atherosclerosis

Chronic adipose inflammation, particularly in VAT and epicardial adipose
tissue (EAT), promotes atherogenesis [27]. VAT and EAT release pro-
inflammatory cytokines (TNF-α, IL-6) and adipokines (leptin, resistin) that
impair the insulin signaling pathway and exacerbate metabolic dysregulation and
atherosclerosis risk [28, 29]. These pro-inflammatory factors upregulate vascular
cell adhesion molecule-1 (VCAM-1) and intercellular adhesion molecule-1
(ICAM-1) to recruit monocytes, promoting atherosclerotic plaque formation
[30]. In addition, pro-inflammatory factors also induce mitochondrial
dysfunction and NADPH oxidase (NOX) activation in endothelial cells, which
increase ROS production, disrupt endothelial nitric oxide (NO) synthase (eNOS)
activity, and induce vasoconstriction and thrombosis, further accelerating
atherogenesis progression [29, 30].

2.3.4 Obesity and heart failure

In obesity, insulin resistance-caused hyperinsulinemia drives sympathetic
activation and RAAS overactivity, promoting hypertension progression and
sodium retention [14, 16]. Ang II, generated via RAAS activation, elevates blood
pressure through vasoconstriction, and aldosterone-mediated sodium-water
retention further exacerbates cardiac preload [16, 31]. Insulin resistance also
disrupts myocardial energy homeostasis by impairing glucose transporter 4
(GLUT4) membrane translocation in cardiomyocytes, predisposing to heart
failure [32]. Sustained preload elevation from obesity-induced hypervolemia
triggers left ventricular hypertrophy and dilation, culminating in
hemodynamic dysfunction and heart failure with preserved ejection fraction
(HFpEF) [33, 34].

3. Limitations of BMI in clinical application

BMI, as a primary diagnostic indicator for obesity recommended by the WHO,
exhibits significant limitations in accurately assessing adiposity. While the WHO
defines obesity as BMI ≥30 kg/m2 (≥28 kg/m2 for Chinese populations), BMI fails to
distinguish body compositions (e.g., adipose, muscle, and bone ratios) or capture
adipose distribution patterns and associated metabolic dysregulation [1, 35]. These
clinical limitations are particularly critical in aging populations, where BMI values
may fall within normal or even subnormal ranges due to muscle atrophy and bone
loss obscuring adipose accumulation, thereby impeding timely therapeutic
interventions [36, 37]. Emerging evidence highlights that two paradoxical obesity
phenotypes may be misclassified merely based on BMI values, leading to
underestimation or misjudgment of health risks. One is termed normal weight
obesity (NWO). These individuals, with normal BMI but pathological VAT, exhibit
heightened risks of T2DM and CVD compared to metabolically healthy
counterparts [38, 39]. The other is termed MHO. Despite BMI-defined obesity,
these individuals display attenuated adipose inflammation and reduced metabolic
complications, challenging the notion that obesity universally predicts adverse
outcomes [23].
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3.1 Limitations of BMI in differentiating muscle and fat mass: Clinical
implications of sarcopenic obesity

Emerging evidence demonstrates a robust positive association between lean body
mass (LBM) and metabolic homeostasis, with higher skeletal muscle mass
correlating with improved insulin sensitivity and reduced all-cause mortality.
Conversely, adipose tissue mass, especially VAT, serves as a critical predictor of
insulin resistance and CVD [40, 41]. Sarcopenic obesity represents a clinically
distinct syndrome, characterized by concurrent skeletal muscle depletion and
pathological adipose accumulation [42, 43]. Aging and obesity synergistically drive
VAT into a pro-inflammatory phenotype, triggering systemic chronic inflammation
and insulin resistance via TNF-α and IL-6 release [36, 44, 45]. These pro-
inflammatory cytokines disrupt the balance between muscle protein synthesis and
degradation, impair myocyte autophagic processes, and promote muscle atrophy and
abnormal fatty infiltration in muscle tissue, thereby disrupting skeletal muscle
function and accelerating sarcopenia [43, 44, 46]. Meanwhile, progressive aging and
obesity also drive aberrant mitochondrial fission and excessive ROS accumulation in
skeletal muscle, further inhibiting skeletal muscle cell proliferation and
differentiation [47]. Abnormal accumulation of intermuscular adipose tissue
(IMAT) directly contributes to sarcopenic obesity by inducing chronic
inflammation, activating the ubiquitin-proteasome-mediated muscle degradation,
and suppressing the insulin signaling pathway [36, 48].

BMI shows limited utility in detecting muscle quantity and quality reductions,
rendering it ineffective for sarcopenic obesity diagnosis and resulting in significant
diagnostic omissions [37]. Studies reveal that sarcopenic obesity prevalence rises
sharply with aging, independently predicting mortality and cardiovascular events
despite normal BMI ranges [41, 49, 50]. Notably, community-based Chinese cohorts
demonstrated that BMI-based obesity screening achieves <30% sensitivity for
sarcopenic obesity detection [51].

3.2 Limitations of BMI to differentiate depot-specific fat distribution: Clinical
implications of visceral versus subcutaneous adiposity

Human adipose tissue is anatomically distinguished into subcutaneous adipose
tissue (SAT) and VAT, exhibiting divergent biological behaviors andmetabolic roles.
SAT primarily functions as an energy reservoir, sequestering excess lipids to prevent
ectopic deposition in metabolically active organs like the liver, heart, and skeletal
muscle [3, 52]. Conversely, VAT heightens inflammatory activity due to immune cell
infiltration and elevates glucocorticoid receptor expression and catecholamine-
induced lipolysis, amplifying systemic insulin resistance and CVD risk [52, 53].
Furthermore, ectopic lipid accumulation in nonadipose tissues, such as the liver,
heart, and skeletal muscle, represents an independent risk for obesity-associated
cardiovascular complications through hepatic lipid overload, lipoprotein
overproduction, and atherosclerotic plaque formation [3, 54].

Aging-related adipose tissue redistribution remains inadequately captured by
BMI metrics. Epidemiological evidence demonstrates that elderly individuals
classified as “normal weight” by BMI often exhibit elevated VAT levels, correlating
with heightened risks for T2DM onset, CVD events, and all-cause mortality
compared to those in higher BMI categories [55–57]. This paradox is particularly
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evident in T2DM patients, where ectopic fat deposition shows direct pathogenic
links to cardiometabolic complications and microvascular impairment [58].

3.3 Limitations of BMI to capture obesity-induced osteometabolic
dysregulation: Clinical implications of the adipose-muscle-bone axis

Obesity increases skeletal deterioration and fracture risk [59]. Osteoporosis is
a metabolic bone disease characterized by decreased bone strength and mass,
significantly increasing fracture susceptibility. Bone marrow adipose tissue (BMAT)
is a critical regulator of bone microenvironment dynamics and systemic metabolism.
Increased BMAT adiposity in obesity and T2DM correlates with heightened bone
fragility risk, mediated through pro-inflammatory cytokine (TNF-α, IL-6) secretion
and adipokine dysregulation (leptin elevation, adiponectin reduction) [60]. In
obesity, gut microbiota-derived lipopolysaccharides (LPS) induce grancalcin (GCA)
secretion and bone marrow macrophage (BMM) senescence through Toll-like
receptor 4 (TLR4) activation, thereby exacerbating bone resorption and skeletal
deterioration [61]. Concurrently, skeletal muscle in obesity secretes excessive
myostatin, which inhibits osteoblast activity and accelerates osteoclast production
by blocking the Wnt signaling pathway and upregulating receptor activator of
nuclear factor-κB ligand (RANKL) expression, thereby leading to osteoporosis [62].
Irisin, a myokine critical for bone anabolism, is significantly decreased in obese
individuals, further exacerbating bone mineral density (BMD) reduction and
osteoporosis progression [63].

Vitamin D, in its active form of 1,25-(OH)₂D3, regulates calcium/phosphorus
metabolism in vivo, affecting bone development and homeostasis. Obese
individuals, especially elderly populations with obesity, frequently demonstrate
reduced plasma 1,25-(OH)₂D₃ levels, which are negatively correlated with body
weight, BMI, and adipose mass [64]. Vitamin D dysregulation impairs myofunction
by disrupting calcium handling in skeletal muscle, heightening fall risk, and
exacerbating osteosarcopenic obesity susceptibility [65, 66]. Meanwhile, vitamin
D deficiency also promotes secondary hyperparathyroidism, which accelerates bone
destruction and BMD reduction, leading to osteoporosis and osteoporotic fractures
[67, 68].

BMI fails to accurately capture bone mass and quality in obese populations,
leading to the underestimation of fracture susceptibility and missed identification of
high-risk individuals requiring targeted interventions [69, 70]. Individuals with
normal BMI but elevated adiposity mass exhibit heightened risks of low BMD;
however, BMI cannot differentiate muscle-bone-fat composition, obscuring the
coexistence of sarcopenia and osteoporosis in these subjects [71]. In addition,
sarcopenic obesity patients have substantially elevated fracture risks compared to
nonsarcopenic counterparts, while BMI is ineffective for early risk stratification
[72, 73].

4. Beyond BMI: Advancing obesity diagnosis through multidimensional
assessment

As a conventional diagnostic tool for obesity, BMI demonstrates significant
limitations in elderly populations, including its failure to differentiate skeletal
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muscle and bone mass from adipose tissue, its limited capacity to reflect adipose
tissue distribution patterns, and its insufficient sensitivity in metabolic risk
assessment. These deficiencies may result in biased risk stratification and delayed
clinical interventions. Therefore, developing multidimensional obesity assessment
frameworks and hierarchical diagnostic criteria has emerged as a critical priority in
both clinical practice and research. Here, we summarize advancing obesity
assessment methods based on anthropometry, imaging, and biomarkers, aiming to
provide a theoretical basis and practical framework for precise obesity phenotyping
and risk stratification [74].

4.1 Integrated diagnostic metrics and novel measurement tools:
Multidimensional risk assessment

Comprehensive integration of anthropometric andmetabolic biomarkers exhibits
superior efficacy in assessing fat distribution patterns, skeletal muscle mass, and
metabolic dysregulation in adipose tissue, thereby enhancing the diagnostic
evaluation for ectopic adipose deposition and the predictive accuracy for obesity-
related complication risks.

4.1.1 Waist circumference (WC)

Waist circumference (WC), measured as the midabdominal circumference at the
iliac crest-lower rib margin midpoint, serves as a key anthropometric indicator for
indirect VAT assessment. Compared to BMI, WC demonstrates its superior
prognostic value for all-cause mortality in middle-aged and elderly populations.
Notably, WC alone cannot resolve the anatomical distribution between SAT and
VAT compartments, limiting its utility in metabolic risk stratification [75, 76].

4.1.2 A body shape index (ABSI)

A body shape index (ABSI), calculated as ABSI ¼ WC cmð Þ

BMI kg=m2ð Þ23�height cmð Þ12

� �, is an

innovative metric which integrates BMI and WC and simultaneously captures both
generalized adiposity and VAT deposition [77]. Elevated ABSI values specifically
indicate pronounced VAT deposition and independently predict myocardial
infarction incidence, major adverse cardiovascular events, and all-cause mortality
risk [78, 79].

4.1.3 Weight-adjusted waist index (WWI)

Weight-adjusted waist index (WWI) is calculated asWWI cmffiffiffiffi
kg

p
� �

¼ WC cmð Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
weight kgð Þ

p an

index that integrates WC and body weight and provides a comprehensive evaluation
of VAT accumulation, skeletal muscle mass, and BMD [80]. Increased WWI values
reflect adverse adiposity patterns characterized by reduced skeletal muscle mass,
diminished BMD, and elevated adipose tissue deposition, which demonstrate
positive associations with hypertension, T2DM, dyslipidemia, and sarcopenia
[81, 82]. This index exhibits its clinical utility in identifying sarcopenic obesity
phenotypes.

Body Composition Characteristics in Aging Populations…
DOI: http://dx.doi.org/10.5772/intechopen.1013977

151



4.1.4 Visceral adiposity index (VAI)

Visceral adiposity index (VAI) integrates WC (cm), BMI (kg/m2), triglycerides
(TG) (mmol/L), and high-density lipoprotein cholesterol (HDL-C) (mmol/L),
which accurately reflects VAT dysfunction and insulin resistance. This composite
index provides a valuable tool for evaluating adipose dysfunction and metabolic
dysregulation [80]. The calculation formula of VAI is as follows: Males:
VAI ¼ WC

39:68þ 1:88�BMIð Þ

� �
� TG

1:03
� �

� 1:31
HDL�C
� �

;

Females: VAI ¼ WC
36:58þ 1:89�BMIð Þ

� �
� TG

0:81
� �

� 1:52
HDL�C
� �

.

4.1.5 Triglyceride-glucose (TyG) index

Triglyceride-glucose (TyG) index, calculated as
TyG index ¼ ln½fasting TG mg=dl

� �
� fasting glucose mg=dl

� �
=2�, is used as a

straightforward surrogate marker for insulin resistance, effectively reflecting both
systemic inflammation and metabolic dysfunction [83]. Elevated TyG index values
correlate positively with increased risks of dyslipidemia, T2DM, hypertension, and
CVD, concurrent with pronounced prognostic implications for patient outcomes
[84, 85].

4.1.6 Bioelectrical impedance analysis (BIA)

Bioelectrical impedance analysis (BIA) enables accurate body composition
evaluation through quantification of tissue-specific electrical impedance,
deriving critical parameters such as fat mass, LBM and phase angle (PA) [86]. BIA
quantifies total body impedance (Z), representing the combined opposition to
alternating current (AC) flow through biological tissues [87]. This impedance
comprises resistance (R) and reactance (Xc), governed by the fundamental
equation: Z2 ¼ R2 þ Xc2: Notably, BIA effectively reflects muscle quality (mass,
density, architecture) and demonstrates high diagnostic accuracy in detecting
sarcopenia [88]. Studies also prove that elevated fat mass significantly correlates
with increased CVD incidence through BIA assessment, whereas higher LBM
demonstrates a protective effect against CVD risk [89].

4.2 Advanced medical imaging modalities: Volumetric quantification of adipose
tissue and skeletal muscle

Medical imaging modalities capitalize on tissue-specific attenuation
characteristics (adipose tissue, skeletal muscle, bone) via X-ray and magnetic field
interactions, enabling high-fidelity visualization of adipose distribution, skeletal
muscle mass, and bone microarchitectural parameters.

4.2.1 Dual-energy X-ray absorptiometry (DXA)

Dual-energy X-ray absorptiometry (DXA) employs differential attenuation of
X-ray energies by adipose tissue, skeletal muscle, and bone to quantify regional
fat distribution and total adipose mass. It effectively stratifies sarcopenic obesity
risk through VAT assessment. Leveraging low-dose X-ray technology, DXA
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enables comprehensive body composition profiling, including fat mass, LBM, and
BMD [90, 91].

4.2.2 Computed tomography (CT)

Computed Tomography (CT) can accurately distinguish the distribution and
changes of VAT, SAT, and skeletal muscle through tissue-specific attenuation
patterns, facilitating comprehensive body composition assessment [92].
Myosteatosis, characterized by ectopic adipose infiltration within skeletal muscle,
has emerged as a critical prognostic marker for mortality risk in asymptomatic
populations. Diagnostic evaluation of myosteatosis relies on quantifying muscle
radiodensity at the L3 vertebral level via CT, where diminished attenuation values
correlate with lipid accumulation and metabolic dysregulation [93, 94]. Advanced
CT analysis protocols permit simultaneous quantification of VAT, SAT, skeletal
muscle mass, IMAT, BMD, and hepatic fat fraction (HFF), establishing their utility
in identifying risk stratification for sarcopenia, nonalcoholic fatty liver disease
(NAFLD), T2DM and CVD [95, 96].

4.2.3 Magnetic resonance imaging (MRI)

Magnetic resonance imaging (MRI) employs chemical shift imaging to
discriminate between adipose tissue and water signals, enabling precise fat
quantification through proton density fat fraction (PDFF) calculation
fat signal= fatþwater

� �
signal

� �
[97]. Advanced water-fat separation MRI protocols

facilitate differential analysis of SAT and VAT, alongside longitudinal tracking of
visceral fat dynamics [98]. MRI also detects skeletal muscle atrophy and ectopic
adipose infiltration, supporting sarcopenia diagnosis [99]. Cross-sectional studies
validate MRI-derived PDFF as a robust biomarker for T2DM risk, correlating with
VAT accumulation and hepatic fat deposition [100]. Furthermore, whole-body MRI
can identify distinct body composition phenotypes, predicting graded
cardiometabolic risk and all-cause mortality [101, 102].

4.3 Biochemical biomarkers: Dynamic assessment of metabolic disease risk

The pathophysiological cornerstone of obesity lies in chronic inflammation-
driven metabolic dysregulation. Biomarker profiling reveals critical distinctions
between MHO and MUO: elevated adiponectin and HDL-C levels contrast with
reduced plasminogen activator inhibitor-1 (PAI-1), small dense low-density
lipoprotein (sdLDL), apolipoprotein B (ApoB), 24-hour glucose, FFA, TG, and
urinary 8-iso-prostaglandin in MHO [23]. These parameters collectively reflect
insulin sensitivity, lipid homeostasis, and inflammatory status. Isthmin-1
(ISM1) demonstrates utility in quantifying SAT/VAT ratios, enabling abdominal
fat distribution assessment and metabolic risk stratification [103]. Analysis of
Mendelian randomization also shows that VAT mass is significantly correlated
with leptin, hepatocyte growth factor, and interleukin-16 (IL-16), which
mediate the occurrence of coronary artery disease, heart failure, and
stroke [104].
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5. Conclusion

Obesity, a chronic metabolic disorder driven by systemic inflammation,
significantly elevates risks for T2DM, hypertension, atherosclerosis, and heart
failure. Conventional BMI-based diagnosis demonstrates limited sensitivity in
detecting obesity subtypes, such as sarcopenic obesity, NWO, and MHO, leading to
misclassification and underdiagnosis in high-risk populations, especially in elderly
populations. A multidimensional evaluation framework integrating anthropometric,
imaging, and biochemical metrics facilitates early detection and risk stratification of
obesity and enhances the predictive accuracy of obesity-associated complications.

Appendices and Nomenclature

ABSI A body shape index
AGT Angiotensinogen
Ang II Angiotensin II
ApoB Apolipoprotein B
BFP Body fat percentage
BIA Bioelectrical impedance analysis
BMD Bone mineral density
BMI Body mass index
BMM Bone marrow macrophage
Drp1 Dynamin-related protein 1
CT Computed Tomography
CVD Cardiovascular disease
DXA Dual-energy X-ray absorptiometry
EAT Epicardial adipose tissue
ENaC Epithelial sodium channel
eNOS Endothelial NO synthase
ER Endoplasmic reticulum
EVs Extracellular vesicles
FFA Free fatty acid
GCA Grancalcin
GLUT4 Glucose transporter 4
HDL-C High-density lipoprotein cholesterol
HFF Hepatic fat fraction
HFpEF Heart failure with preserved ejection fraction
ICAM-1 Intercellular adhesion molecule-1
IGF-1 Insulin-like growth factor-1
IL-1β Interleukin-1β
IL-6 Interleukin-6
IL-16 Interleukin-16
IMAT Intermuscular adipose tissue
LBM Lean body mass
LPS Lipopolysaccharide
MFN2 Mitofusin-2
MHO Metabolically healthy obesity
MRI Magnetic resonance imaging
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MS Metabolic syndrome
mtDNA Mitochondrial DNA
MUO Metabolically unhealthy obesity
NAFLD Nonalcoholic fatty liver disease
NLRP3 NOD-like receptor thermal protein domain associated protein 3
NO Nitric oxide
NOX NADPH oxidase
NOW Normal weight obesity
OSA Obstructive sleep apnea
PA Phase angle
PAI-1 Plasminogen activator inhibitor-1
PDFF Proton density fat fraction
PGC-1α Proliferator-activated receptor gamma coactivator-1α
PINK1 PTEN-induced kinase 1
PVAT Perivascular adipose tissue
PUFA Polyunsaturated fatty acid
RAAS Renin-angiotensin-aldosterone system
RANKL Receptor activator of nuclear factor-κ B ligand
ROS Reactive oxygen species
SAT Subcutaneous adipose tissue
sdLDL Small dense low-density lipoprotein
SGK1 Serum/glucocorticoid-regulated kinase 1
SIRT1 Sirtuin 1
T2DM Type 2 diabetes mellitus
TG Triglycerides
TLR4 Toll-like receptor 4
TNF-α Tumor necrosis factor-α
TyG Triglyceride-glucose
VAI Visceral adiposity index
VAT Visceral adipose tissue
VCAM-1 Vascular cell adhesion molecule-1
VSMC Vascular smooth muscle cell
WC Waist circumference
WHO World Health Organization
WWI Weight-adjusted waist index
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Chapter 7

Mental Health Perspectives on the
BMI Paradox
Stephen Amarjeet Jiwanmall and Dheeraj Kattula

Abstract

The body mass index (BMI) paradox challenges the conventional understanding
of the relationship between body weight and health outcomes. Sometimes, people
who are overweight or slightly obese have better health and live longer than those
with a normal BMI. This can be due to factors like weight stigma, biases, cultural
views, financial issues, stress, and eating disorders. Weight stigma can have
profound psychological impacts on individuals, leading to increased stress, anxiety,
depression, and maladaptive coping mechanisms. Cognitive biases in BMI
interpretation can result in misdiagnosis and inappropriate treatment decisions.
Cultural and economic factors greatly influence how people view body weight and
health. Stress affects BMI in complicated ways; it can sometimes protect people but
also increase health risks for others. The link between eating disorders and obesity
makes the BMI paradox more complex. This means treatment should consider
trauma and include all body types. The body positivity movement supports accepting
all body shapes; however, more research is needed to understand its effect on health.
The BMI paradox underscores the need for a holistic, individualized approach to
health assessment and treatment, focusing on developing more refined health
measures beyond BMI and exploring the intricate relationships between physical and
mental well-being.

Keywords: body mass index (BMI), weight stigma, psychological stress, eating
disorders, body positivity, mental well-being, health assessment

1. Introduction

Body mass index (BMI) is a readily measurable and cost-effective metric. It is
characterized by standardized thresholds for categorizing overweight and obesity
and demonstrates a strong correlation with body fat levels as determined by the most
precise methods. However, BMI is imperfect, as it does not directly evaluate body
fat [1].

The BMI paradox refers to the observation that individuals categorized as
overweight or mildly obese according to their BMI occasionally exhibit superior
health outcomes and reduced mortality rates compared to those within the
normal BMI range. This phenomenon challenges the conventional understanding
of the relationship between body weight and health. Several factors may
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contribute to this discrepancy, including the limitations of BMI as a health
indicator, the potential protective effects of additional body fat in certain
conditions, and the impact of fitness levels independent of weight [2].
Furthermore, this underscores the complex interplay between physical and
mental health, as psychological factors such as stress resilience and body image
can influence overall well-being irrespective of BMI classification. To fully
understand the discrepancy in BMI measures, we must look at health from many
angles, not just weight. BMI also has significant aspects to consider from a mental
health perspective.

2. Psychological impact of weight stigma

Weight stigma can have profound psychological impacts on individuals,
regardless of their actual body size or health status. This form of discrimination can
lead to increased stress, anxiety, and depression, as well as lower self-esteem and
body dissatisfaction [3–5].

People who face weight stigma might start to believe negative views about
themselves. This can lead to self-blame and feelings of worthlessness. They
might cope in unhealthy ways, such as developing disordered eating habits or
avoiding healthy behaviors. The pressure to fit into society’s body ideals can
cause a cycle of dieting and weight changes, which may increase mental
distress.

Weight stigma is crucial in the relationship between BMI and self-reported health
[6]. Additionally, findings suggest that worries about potential future stigma act as
a mediator between perceived past discrimination experiences and both
psychological and physical health [6].

Weight stigma is likely to contribute to weight gain and deteriorating health;
therefore, it should be eliminated [7]. The pervasive nature of weight stigma in
various settings, including healthcare, education, and employment, can also lead to
social isolation and a reduced quality of life. Addressing weight stigma is crucial for
promoting overall mental well-being and fostering a more inclusive society that
values health at every size [8].

The revised classification presents a more detailed perspective on obesity, which
can aid in lessening the adverse effects of weight stigma [9]. By prioritizing health
over mere weight, it promotes a more empathetic and supportive attitude toward
individuals with obesity. This change in emphasis can help mitigate the damaging
consequences of weight bias and discrimination. For instance, healthcare
professionals can concentrate on enhancing metabolic health and addressing specific
health concerns related to obesity, rather than just focusing on weight
reduction [10].

3. Cognitive biases in BMI interpretation

Cognitive biases, which are systematic thinking errors that affect our judgments
and decisions, can significantly influence how people, including healthcare
professionals, interpret and apply BMI results [11].

Cognitive biases can significantly influence the interpretation of BMI.
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Weight bias/stigma: Negative stereotypes and attitudes toward individuals with
elevated BMI, often rooted in societal norms and media portrayals, can influence
healthcare providers’ perceptions and actions. This bias may lead to:

A. Underestimation of health risks in individuals with “normal” BMI:
Healthcare providers might overlook potential health issues, such as high visceral
fat (fat surrounding internal organs), which increases the risk of conditions like
Type 2 diabetes and heart disease if a patient falls within a “normal” BMI
range [12].

B. Emphasis on weight loss as a primary solution: An overemphasis on weight
loss as the primary intervention, driven by weight bias, may detract from
addressing other important factors, such as health behaviors and patient-centered
goals [13, 14].

C. Framing effect: How information about BMI and its implications is presented
can influence perceptions and subsequent actions. For instance, framing BMI as
a categorical measure (underweight, normal, overweight, and obese) can create
a rigid perception of health, potentially overshadowing the complex reality of
individual health and well-being [15, 16]. The use of stigmatizing language, such as
“obese,” instead of person-centered terms like “larger bodies,” can also negatively
impact patient engagement and communication.

D. Anchoring bias: The tendency to heavily rely on the initial piece of
information presented, even if later information contradicts it, can affect BMI
interpretation [17]. For example, once a patient is labeled with a particular BMI
category, it can become challenging to objectively consider other factors that might
challenge that initial assessment, potentially leading to the overlooking of alternative
diagnoses or treatment approaches.

E. Availability bias: Judging the likelihood of a diagnosis or health outcome
based on the ease with which examples come to mind can influence BMI
interpretation [18]. Suppose healthcare providers frequently encounter patients in
certain BMI categories developing specific health conditions; in that case, they might
be more likely to assume the same for other patients, potentially overlooking other
relevant information. In essence, cognitive biases can contribute to misdiagnosis,
inappropriate treatment decisions, and compromised patient care when BMI is relied
upon as the sole or primary indicator of health.

To reduce these biases, healthcare providers should:

1. Be aware of personal and hidden biases: Understand how personal
experiences, societal norms, and cultural factors affect your BMI
judgments.

2. Use a person-centered approach: Look at the individual’s unique health
profile, including body composition, lifestyle, and other health markers –
not just the BMI number.

3. Keep learning and training: Learn about different thinking biases and
ways to lessen their impact on clinical decisions.

4. Practice reflective reasoning and critical thinking: Question assump-
tions, consider other explanations, and actively seek information that
might challenge first impressions.

Mental Health Perspectives on the BMI Paradox
DOI: http://dx.doi.org/10.5772/intechopen.1013992

169



5. Use cognitive aids and decision support systems: Utilize tools and
checklists to improve objective assessment and reduce reliance on gut
feelings.

6. Prioritize open communication and empathy: Have respectful and
nonjudgmental conversations with patients about their weight, health
goals, and concerns.

By actively addressing these cognitive biases, healthcare professionals can
move toward a more nuanced and individualized interpretation of BMI,
thereby improving patient care and promoting more equitable health
outcomes [19].

4. Cultural perspectives on body weight

Cultural perspectives on body weight exhibit considerable variation across
different societies and historical periods, reflecting various values, beliefs, and
historical contexts. In numerous Western cultures, thinness has been idealized as
a beauty standard, particularly for women, resulting in widespread dieting and body
dissatisfaction [20].

This ideal, however, stands in stark contrast to certain non-Western cultures,
where fuller figures are traditionally associated with prosperity, health, and
fertility. For example, in some African, Arab, and Pacific Island societies, larger
body sizes are often perceived positively as indicators of wealth and status [21]. In
certain Asian cultures, a complex relationship exists with body weight, where
thinness is valued, yet plumpness in children is regarded as a sign of health.
A multifaceted interplay of demographic, cultural, and economic factors
influences the prevalence of obesity in South Asia. Although BMI is a widely
utilized metric, it proves inadequate for accurately assessing obesity within this
population [22].

Different cultures have different views on body weight. These views can affect
how people feel about themselves, their eating habits, and their mental health.
Globalization has mixed these views, bringing new challenges as old ideas meet new
ones. We need to understand these cultural views to help people with health, body
image, and weight. To effectively comprehend and address the escalating obesity
epidemic in South Asia, it is imperative to develop more refined and context-specific
measures [22].

5. Socio-economic factors affecting the BMI

Several socio-economic factors affect BMI and are directly related to mental
health outcomes as well:

1. Financial status: Lower-income populations often have limited access to
nutritious food and healthcare services, potentially leading to higher BMI
but poorer overall health outcomes [23].
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2. Education levels: Individuals with lower educational attainment may
have less knowledge about healthy lifestyle choices and nutrition, which
impacts their BMI and health status.

To begin with, individuals with lower educational attainment tend to follow
diets high in carbohydrates and low in fiber. Additionally, they are more likely to
consume sweets and red meats, while those with higher education levels are more
inclined to eat fruits, vegetables, and fish. Furthermore, areas with a well-
educated populace exhibit greater nutritional variety and lower calorie
consumption. Lastly, the influence extends to neighboring communities, which
should be considered when formulating public health strategies and
interventions [24].

3. Food deserts: Areas with limited access to affordable, healthy food
options can contribute to higher BMI among residents, while negatively
affecting their overall health.

4. Occupational factors: Physically demanding jobs may result in higher
muscle mass and BMI without necessarily indicating poor health, while
sedentary occupations may lead to weight gain and associated health
risks.

5. Healthcare access: Limited access to preventive care and medical services
can result in undiagnosed or untreated health conditions, affecting the
relationship between BMI and health outcomes.

6. Stress levels: Chronic stress, often associated with lower socio-economic
status, can impact BMI and overall health through physiological and
behavioral mechanisms.

7. Environmental factors: Neighborhood characteristics, such as the
availability of green spaces and recreational facilities, can affect BMI and
overall health outcomes.

8. Social support networks: The presence or absence of supportive
social networks can impact health behaviors and outcomes, potentially
contributing to the discrepancy in BMI.

Understanding these socio-economic factors is crucial for developing targeted
interventions and policies to address the conundrum and improve public health
outcomes.

6. Role of psychological stress in BMI

The allostatic load model of chronic stress emphasizes the role of glucocorticoid
dysregulation within a “network of allostasis” that includes autonomic, endocrine,
metabolic, and immune mediators [25].
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6.1 Stress and weight gain

Chronic stress can lead to weight gain through various mechanisms, including
increased cortisol production and stress-induced eating behaviors.

This may contribute to the development of overweight or mild obesity in
some individuals. Living in stressful environments can lead to the development
of different physical characteristics. Individuals known as “non-habituals,” who
encounter such environments, tend to develop a “lean-but-wide-waisted” body
type, which is associated with a high risk of cardiovascular mortality. On the
other hand, “habituators” in similar conditions tend to develop a “corpulent-but
-narrow-waisted” body type, which is linked to a lower risk of
cardiovascular mortality [25]. Additionally, there are also transitional or mixed
body types.

Stress reactivity exhibits differential modifications, categorizing individuals into
“habituators” and “non-habituators.” “Habituators” are characterized by a reduced
response (neuroendocrine, cardiovascular, neuroenergetic, and emotional) due to
repeated exposure to a threatening environment, ultimately developing low stress
reactivity. Conversely, “non-habituation” maintains high stress reactivity, as they do
not exhibit such response modifications under continuous exposure to unsafe
conditions. Empirical evidence from repeated experimental stress challenges
indicates that subjects may habituate or fail to habituate in their cortisol
response [26].

6.2 Stress resilience

Individuals with higher psychological resilience tend to have a higher BMI,
while those with lower resilience scores are more likely to be underweight,
particularly among women. This underscores the intricate relationship between
psychological resilience and weight management, highlighting the need for specific
interventions to address the varied effects of psychological factors on weight
outcomes [27].

6.3 Metabolic adaptations

Chronic stress exposure may lead to metabolic adaptations in individuals with
higher BMI, potentially offering protective effects against certain health risks, as
explained earlier as “habituators.”

6.4 Inflammation and stress

Obesity is associated with chronic low-grade inflammation, which may interact
with stress responses in complex ways. This interaction could potentially modulate
health outcomes in overweight or mildly obese individuals.

Often assessed through C-reactive protein (CRP) indicators, inflammation can
significantly influence health outcomes. Research indicates that the beneficial effect
of a higher BMI might only be apparent in those with increased inflammation levels.
A higher BMI may not offer the same survival benefits without inflammation and
could be linked to worse outcomes [28].
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6.5 Psychosocial factors

Overweight individuals may face various social pressures and expectations. These
factors can affect their stress levels and health behaviors, possibly contributing to the
observed health disparity outcomes.

6.6 Stress and disease progression

Psychological stress can influence the progression and outcomes of different
medical conditions. The connection between stress, BMI, and disease outcomes may
help clarify the anomalous findings in specific patient groups.

6.7 Neuroendocrine responses

Variations in neuroendocrine responses to stress between normal-weight and
overweight individuals may play a role in this discrepancy. These differences could
impact health outcomes across various medical conditions.

More research is necessary to better understand the role of psychological stress
in impacting BMI and its implications for clinical practice and public health
efforts.

7. Eating disorders and the BMI

People with obesity have a higher risk of developing eating disorders (EDs), such
as binge eating disorder (BED), bulimia nervosa (BN), and other specified feeding or
eating disorders (OSFED). These disorders are typically associated with:

1. Compensatory behaviors: Some people with obesity may resort to com-
pensatory actions, such as restricting calories or exercising excessively, to
cope with feelings of guilt or shame about their weight.

2. Loss of control: Individuals with BED or BN often feel a loss of control
over their food intake, which societal expectations regarding weight and
body shape can worsen.

Understanding EDs in the context of BMI disparity requires a deeper grasp of the
complex relationships among weight, body image, and mental health. Here are
several important points to consider:

1. Reframing ED beyond mere weight measurement: EDs go beyond
simple weight loss or gain. They are complex mental health issues
marked by disordered eating patterns, body image concerns, and
emotional regulation difficulties.

2. Weight-inclusive perspective: Focusing on the person’s relationship with
food and their body is crucial rather than focusing only on weight-related
outcomes.
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3. Intersection of trauma, mental health, and weight: Recognizing that
EDs often coexist with other mental health issues (such as depression and
anxiety) is important. They may also arise from traumatic experiences or
societal pressures.

4. Societal expectations around body shape and size: Acknowledging how
societal norms about thinness, beauty standards, and weight affect EDs is
vital.

5. Weight-related stigma and shame: Individuals with higher BMIs may
experience internalized shame, low self-esteem, anxiety, and depression
due to societal expectations regarding beauty standards.

6. Disordered eating behaviors as coping mechanisms: It is important to
understand how some people may use disordered eating behaviors
(like restrictive eating and bingeing) to cope with stress, emotions, or
body image issues.

7. A weight-inclusive, trauma-informed approach focuses on overall
health and well-being: It emphasizes meeting a person’s physical and
mental health needs, rather than just pursuing weight loss. It also provides
a safe, nonjudgmental environment for individuals to share their experi-
ences while recognizing the possible effects of trauma on eating habits and
body image. Lastly, fostering cooperation among healthcare providers,
mental health professionals, and other experts is essential for compre-
hensive care.

8. Body positivity movement

The body positivity movement is an important social and cultural movement
advocating for acceptance, self-love, and inclusivity across various body shapes,
sizes, ages, abilities, and appearances. In the context of BMI disparity, body
positivity plays a key role in addressing the complex interactions between weight,
health, and body image [29].

Key aspects of the impact of the body positivity movement include:

1. Challenging weight stigma: The movement aims to decrease weight-
based discrimination and stigma, which can have harmful effects on
mental health. Promoting acceptance of all body types may help lessen the
adverse psychological effects linked to weight stigma.

2. Improving body image and self-esteem: The movement encourages
people to value their bodies, regardless of size or shape. This can lead to
a better body image and higher self-esteem, which may help protect
against mental health issues that often accompany poor body image.

3. Shifting focus from weight to overall health: Body positivity promotes
a broader view of health, highlighting factors beyond BMI or weight. This
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perspective acknowledges that health outcomes are not determined solely
by body size.

4. Promoting health-seeking behaviors: By reducing shame and stigma sur-
rounding body size, the movement may encourage individuals to pursue
health-promoting actions and seek medical help without fear of judgment.

5. Addressing disordered eating: Body positivity can help prevent the
development of disordered eating patterns by fostering a healthier rela-
tionship with food and body image.

6. Influencing healthcare practices: The movement has generated discus-
sions about weight bias in healthcare, potentially leading to more com-
passionate and effective care for people across the weight spectrum.

7. Mental health resilience: By promoting self-acceptance and community
support, body positivity may enhance mental health resilience, affecting
how individuals navigate health challenges, regardless of their BMI.

8. Intersectionality: The movement recognizes the connections between
body size and other identity factors, such as race, gender, and disability,
promoting a more detailed understanding of health and well-being.

9. Media representation: Increased visibility of diverse body types in the
media can help normalize body diversity and ease the psychological
pressure to fit unrealistic ideals.

10. Stress reduction: By encouraging self-acceptance, body positivity may
help decrease chronic stress related to body dissatisfaction, potentially
influencing the complex interactions between stress, weight, and health
observed in the BMI disparity.

While the body positivity movement offers many potential benefits, its influence
on BMI is complex and not entirely understood. More research is needed to clarify
how changing societal views on body size and promoting body positivity affect the
relationship between BMI and health outcomes [30]. Additionally, critics argue that
the movement should not dissuade individuals from engaging in health-promoting
activities or seeking medical help when necessary.

In summary, the body positivity movement changes how we view body size and
health. It emphasizes acceptance, mental well-being, and overall health. This
disparity in BMI shows that we need a deeper understanding of how body size,
mental health, and physical health are connected.

9. Conclusion

The discrepancy in BMI in different groups highlights the complicated
relationship between body weight, health outcomes, and mental well-being. This
phenomenon challenges the traditional view of obesity and points to the need for
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a more detailed approach to health assessment. Various factors, such as weight
stigma, cognitive biases, cultural views, socioeconomic elements, psychological
stress, and EDs, all influence the discrepancy.

Weight stigma significantly affects mental health and potentially leads to stress,
anxiety, and depression. Cognitive biases in interpreting BMI can result in
misdiagnosis and inappropriate treatment choices. Cultural and economic factors
greatly influence how people view body weight and health. Stress affects BMI in
many ways; it can protect some people but increase health risks for others. The link
between EDs and obesity makes the BMI issue more complex. This highlights the
need for a treatment approach that considers trauma and includes all body types.

The body positivity movement has arisen as a response to these challenges,
promoting acceptance and inclusion among various body types. While it offers
potential mental health and self-esteem benefits, more research is required to
understand its effects on physical health outcomes.

The BMI disparity emphasizes the importance of a comprehensive and
individualized approach to health assessment and treatment. Future research should
aim to develop more precise health measures beyond BMI and explore the intricate
connections between physical and mental well-being. Healthcare professionals must
understand these complexities to provide effective, compassionate care addressing
health and body weight.
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Chapter 8

Psychiatric, Behavioral, and
Familial Risk Factors in
Adolescent BMI
Esen Öksüzoğlu Makbule

Abstract

This chapter examines the psychiatric and psychological mechanisms underlying
elevated BMI in adolescents, emphasizing the contribution of internalizing disorders
(such as anxiety and depression), emotion dysregulation, and related psychopatho-
logical traits. These conditions not only co-occur with excess weight but may also act
as driving forces through maladaptive coping strategies and altered reward sensi-
tivity. In particular, impulsivity and disordered eating behaviors – including emo-
tional, external, and restrictive eating – are highlighted as core behavioral risk
factors. Moreover, maternal characteristics, such as impulsivity, psychological dis-
tress, and problematic eating attitudes, significantly shape adolescents’ emotional
and behavioral responses to food, often through intergenerational pathways such as
modeling and emotion contagion. Framed within developmental psychopathology
and family systems theory, this chapter calls for psychobehavioral risk screening in
obesity assessments and underscores the need for culturally sensitive, family-based
interventions tailored to address both psychological vulnerability and obesogenic
dynamics in the home environment.

Keywords: psychopathology, eating behaviors, impulsivity, emotion regulation,
intergenerational transmission, adolescent obesity, body mass index, internalizing
symptoms, maternal influences

1. Introduction

Adolescent obesity has become a critical and pressing public health concern
worldwide. According to the World Health Organization, the prevalence of obesity
among children and adolescents aged 5–19 increased from 4% in 1975 to more than
18% in 2016 [1]. More recent meta-analytic evidence indicates that one in five
young people now live with overweight or obesity, with prevalence rates particularly
high in high-income countries [2]. Adolescent obesity is associated with a broad
spectrum of adverse outcomes, including metabolic complications leading to
increased mortality and an elevated risk of psychiatric disorders, particularly
internalizing disorders such as depression and anxiety.
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While obesity is medically defined using age- and sex-specific BMI percentiles,
this definition only captures the physical manifestation of a broader, multifactorial
condition. Beyond caloric imbalance, adolescent obesity reflects the interplay of
psychological traits, neurobiological mechanisms, and familial environments [3].
Traits such as impulsivity, difficulties in emotion regulation, and internalizing
symptoms are strongly implicated in unhealthy weight trajectories [4, 5]. Disordered
eating behaviors – including emotional eating, external eating, and binge eating –
often serve as maladaptive coping strategies, reinforcing the cycle of distress and
weight gain [6]. Neurobiological findings support this perspective, with evidence
pointing to altered stress reactivity, reduced inhibitory control, and heightened
reward sensitivity as underlying mechanisms [6, 7].

Psychological vulnerabilities seldom operate in isolation. Family dynamics,
particularly maternal psychological distress and disordered eating, also shape
adolescents’ emotional development and eating behaviors [8, 9]. Maternal modeling
and feeding practices provide important pathways through which risks may be
transmitted across generations, although these influences interact with broader
social and cultural factors.

In sum, these findings highlight adolescent obesity as a developmentally
embedded and psychologically mediated condition. The following sections
synthesize evidence on psychiatric, behavioral, and familial risk factors, with
particular attention to intergenerational processes. Particular attention will be given
to psychosocial factors such as self-esteem and body image, as these represent crucial
pathways linking obesity with long-term psychological adjustment.

2. Psychiatric risk factors and related disorders

A growing body of evidence highlights the close and bidirectional relationship
between psychiatric disorders and obesity in adolescence. Rather than a simple
cause–and–effect relationship, these conditions often codevelop and reinforce one
another through intertwined psychological, behavioral, and biological mechanisms
[10–12]. Psychiatric conditions may predispose adolescents to obesity by fostering
maladaptive coping strategies such as emotional eating, avoidance, or reduced
physical activity. Psychotropic medications – including antidepressants,
antipsychotics, and mood stabilizers – can further contribute to weight gain [13].
Conversely, the psychosocial burden of obesity – marked by weight stigma,
discrimination, and body dissatisfaction – has been consistently associated with
depression, anxiety, and other internalizing symptoms [14, 15].

This reciprocal interplay illustrates obesity as both a potential cause and
consequence of psychiatric disorders. Adolescents with obesity are at increased risk
of peer victimization and social exclusion, processes that erode self-esteem and
exacerbate internalizing distress. At the same time, psychiatric symptoms disrupt
healthy routines around diet, sleep, and physical activity, creating a self-reinforcing
cycle of psychological and physical health problems. As noted earlier, adolescence
may represent a particularly sensitive period, as rapid biological changes intersect
with increasing social pressures. Identifying and addressing psychiatric
comorbidities is therefore essential not only for improving mental health but also for
enhancing the effectiveness of weight-related interventions.
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2.1 Eating disorders

Among psychiatric comorbidities, eating disorders show the most direct
overlap with adolescent obesity. Binge eating disorder (BED) is the most
prevalent form, characterized by recurrent episodes of uncontrolled food intake,
often triggered by emotional distress, and strongly associated with obesity [16,
17]. Estimates suggest that up to 40–70% of individuals with BED also meet the
criteria for obesity [18]. Bulimia nervosa (BN), although less frequent,
contributes to weight dysregulation through cycles of restrictive dieting, binge
eating, and compensatory behaviors such as vomiting or excessive exercise [19].
Night eating syndrome (NES) is also more common in youth with obesity, with
prevalence rates between 6% and 16% [20, 21]. NES is frequently comorbid with
depressive symptoms, compounding the psychological burden [22, 23].

Despite distinct clinical features, these disorders share common mechanisms
with obesity – particularly body dissatisfaction, low self-esteem, and reliance on
food as an emotion-regulation strategy [24]. As discussed earlier, this overlap
suggests that obesity and eating disorders represent points on a spectrum of
disordered eating [25]. Clinically, this underscores the need for integrated
interventions combining nutritional guidance with psychotherapy – including
cognitive-behavioral and family-based therapies – which are more effective than
dietary strategies alone in reducing both weight and psychiatric symptoms [26].

2.2 Mood disorders

Mood disorders, particularly major depressive disorder (MDD) and bipolar
affective disorder (BD), are associated with obesity. Longitudinal studies show that
adolescents with MDD have up to a 50% greater risk of developing obesity, while
childhood depression predicts higher BMI in adulthood [27, 28]. Atypical depressive
features – hypersomnia, increased appetite, rejection sensitivity – are especially
linked to excess weight [29, 30]. The relationship between obesity and BD is
similarly complex. Adolescents with BD and obesity often present more severe
depressive episodes, longer illness duration, and poorer treatment response. Obesity
has also been linked to higher hospitalization rates and reduced efficacy of mood
stabilizers, particularly lithium and valproate [31, 32]. Depression itself can
undermine behavioral and pharmacological weight loss efforts, perpetuating
obesity [33].

Shared mechanisms – such as HPA axis dysregulation, low-grade
inflammation, and metabolic disturbances – appear common to both obesity and
mood disorders [34]. Genetic vulnerabilities, including variants of the fat mass
and obesity-associated (FTO) gene, predispose individuals to both higher BMI
and depression [35]. Environmental stressors, including childhood adversity and
maternal depression, further amplify risk [36]. Recent neuroimaging studies
suggest that obesity may exacerbate structural brain changes in BD,
particularly white matter disruptions, whereas lithium appears to mitigate these
effects [37].

When considered together, these findings highlight the bidirectional and
multifactorial nature of the obesity–mood disorder relationship, underscoring the
need for integrated biopsychosocial interventions.
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2.3 Anxiety disorders

Anxiety disorders, including social anxiety disorder (SAD), panic disorder
(PD), specific phobias, and generalized anxiety disorder (GAD) – are
consistently more prevalent in adolescents with obesity [10, 38]. Psychosocial
mechanisms include weight stigma, teasing, and exclusion, which foster anxiety
symptoms; conversely, anxiety may promote maladaptive coping, such as
emotional eating, avoidance of physical activity, and sedentary behaviors [39].
Sex-specific trends have been observed: girls with obesity are more likely to
develop SAD, GAD, and specific phobias, whereas boys show higher rates of PD
[40]. Longitudinal studies confirm that childhood obesity increases the risk of
anxiety disorders later in life, with stronger effects in females. As discussed
earlier, stigma and body dissatisfaction are likely key psychological mediators of
this link.

Shared biological mechanisms – such as HPA axis dysregulation, autonomic
hyperarousal, and systemic inflammation – further explain the overlap between
obesity and anxiety [41]. Beyond anxiety disorders, obsessive–compulsive disorder
(OCD) and posttraumatic stress disorder (PTSD) have also been associated with
higher obesity risk, potentially through compulsive eating rituals, stress-related
hormonal changes, and sleep disruption [42].

Overall, these findings highlight the importance of early screening and treatment
of anxiety symptoms in adolescents with obesity. Interventions that concurrently
address anxiety and weight-related behaviors may prevent the escalation of self-
reinforcing cycles of distress and maladaptive coping.

2.4 Attention-deficit/hyperactivity disorder (ADHD)

ADHD is increasingly recognized as an important risk factor for obesity. Core
features such as impulsivity, inattention, and executive dysfunction undermine
eating regulation, adherence to routines, and engagement in physical activity [43].
Meta-analyses suggest that youth with ADHD are approximately 40%more likely to
develop obesity [44]. Binge and emotional eating are particularly common in this
group, reflecting shared deficits in impulse control and reward processing [45].
Disrupted sleep, also frequent in ADHD, compounds these risks by altering appetite-
regulating hormones and circadian rhythms. In turn, obesity can exacerbate ADHD-
related impairments, including attention difficulties and executive dysfunction,
creating a vicious cycle.

Neurobiological research suggests that shared dopaminergic dysfunction
underlies both impulsivity and heightened food cue sensitivity [44]. Importantly,
ADHD and obesity may also exhibit common developmental origins in early self-
regulation difficulties, echoing themes discussed earlier regarding impulsivity and
emotion dysregulation. Medication effects add complexity: stimulants often suppress
appetite, whereas adjunctive antipsychotics or mood stabilizers may promote
significant weight gain. Longitudinal findings indicate that inconsistent medication
use, combined with poor sleep and impulsive eating, may heighten obesity risk over
time.

In summary, ADHD contributes to obesity through behavioral dysregulation,
neurobiological vulnerability, and treatment-related factors. Interventions should,
therefore, integrate training in impulse control, structured daily routines, sleep
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hygiene, and careful pharmacological monitoring. Embedding these strategies within
family-based approaches may improve both weight and psychiatric outcomes.

3. Behavioral and psychological risk factors

Adolescent obesity cannot be fully explained by caloric imbalance alone.
A substantial body of research highlights the role of behavioral and psychological
processes – particularly disordered eating behaviors, impulsivity, emotion
dysregulation, internalizing symptoms, and self-esteem and body image
disturbances – as critical drivers of elevated BMI [46–48]. These vulnerabilities often
co-occur, creating reinforcing cycles of emotional distress, maladaptive eating, and
weight gain. Importantly, they reflect developmental challenges in self-regulation,
identity formation, and coping, which are shaped by both individual traits and
family environments.

A wide range of studies further underscores these mechanisms. Disordered eating
behaviors, such as emotional eating, external eating, night eating, and eating in the
absence of hunger (EAH), consistently predict the onset and persistence of obesity
and are linked to later eating disorders [46, 49]. Impulsivity, marked by difficulties
with inhibitory control and delayed gratification, increases susceptibility to
overeating in emotionally charged or cue-rich contexts and interacts with emotional
distress to accelerate dysregulated eating [4, 50]. Emotion regulation problems often
precede weight gain, with poor early self-regulation predicting higher BMI in
adolescence; youth with obesity also rely more on maladaptive strategies like
rumination or avoidance while underusing adaptive strategies such as cognitive
reappraisal [51–53]. Internalizing symptoms, particularly anxiety and depression, are
highly comorbid with obesity and show a bidirectional relationship, as demonstrated
in longitudinal and cross-lagged studies [54, 55]. Finally, low self-esteem and
negative body image emerge as salient vulnerabilities: stigma, bullying, and social
comparison pressures erode self-worth, reinforce maladaptive eating, and predict
long-term psychological distress and persistent obesity [56, 57].

All in all, behavioral and psychological risk factors constitute a closely
interconnected system that sustains obesity across adolescence, underscoring the
need to address not only caloric intake but also self-regulation, emotional well-being,
self-esteem, and family dynamics in prevention and treatment efforts.

3.1 Disordered eating behaviors

Disordered eating behaviors encompass a spectrum of maladaptive eating
patterns that do not always meet the criteria for clinical eating disorders but still
carry significant risks for both weight gain and psychological distress [46, 47]. These
behaviors are particularly prevalent among adolescents with elevated BMI and are
recognized as central mechanisms in the onset and persistence of obesity.
Importantly, they often emerge as coping responses to negative emotions or
environmental cues and can serve as precursors to more severe eating disorders in
later adolescence [49].

Several dimensions of disordered eating hold particular relevance in adolescence.
Emotional eating – the tendency to eat in response to sadness, anxiety, or loneliness
rather than hunger – has long been recognized as a strong predictor of weight gain
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and is closely associated with emotion regulation difficulties and internalizing
symptoms [58, 59]. External eating, in contrast, describes eating prompted by
sensory cues such as the sight or smell of food, a pattern especially common in
obesogenic environments saturated with high-calorie options [60]. Restrained eating
refers to deliberate attempts to control food intake to manage weight; paradoxically,
excessive restraint often leads to heightened preoccupation with food and eventual
overeating [61, 62].

Other patterns further illustrate the complexity of disordered eating. Loss-of-
control eating involves a subjective inability to stop eating, typically accompanied by
guilt and shame, and is closely tied to impulsivity and mood disturbances [63]. NES,
characterized by excessive evening or nocturnal food intake, has been linked to
circadian rhythm disruption, poor sleep, and depressive symptoms [64]. Similarly,
EAH refers to food intake despite satiety, often reflecting poor interoceptive
awareness and family patterns that encourage eating as a coping mechanism [59].
Finally, the construct of food addiction – though not formally recognized in DSM-5
[65] – has gained increasing attention. It describes addictive-like responses to highly
processed foods and has been associated with impulsivity, low self-esteem,
depression, and anxiety [66, 67].

These behaviors rarely emerge in isolation. Longitudinal studies suggest that
exposure to parental emotional eating, inconsistent family routines, or the use of
food as a coping strategy fosters the development of similar maladaptive patterns in
children [68, 69]. Biological mechanisms provide additional insight: alterations in the
HPA axis have been associated with stress-induced cravings and atypical hunger
cues, reinforcing links between emotional distress and overeating [70]. Although
often considered subclinical, disordered eating behaviors are associated with
significant psychological burden, increased risk of eating disorder onset, metabolic
complications, and resistance to conventional weight-loss interventions [59]. For
this reason, early recognition and intervention are critical. Programs that strengthen
emotion regulation, impulse control, interoceptive awareness, and structured family
routines have shown effectiveness in disrupting maladaptive eating cycles [71]. By
addressing the underlying emotional and behavioral drivers of disordered eating,
prevention and treatment approaches can more effectively mitigate both the
psychological and metabolic consequences of adolescent obesity.

3.2 Impulsivity and self-regulation

Impulsivity, broadly defined as a tendency to act quickly without adequate
forethought, has emerged as a central transdiagnostic psychological risk factor in
adolescent obesity. Adolescents with elevated impulsivity often exhibit difficulties in
delayed gratification, motor inhibition, and emotional regulation in stressful
contexts [50]. These difficulties increase vulnerability to overeating, preference for
calorie-dense foods, and challenges in maintaining structured routines that support
healthy weight control [4]. Recent evidence indicates that impulsivity is not only
associated with unhealthy eating behaviors but also predicts BMI trajectories. In
a structural equation modeling study, impulsivity emerged as one of the strongest
predictors of adolescent BMI, both directly and indirectly through disordered eating
patterns [72]. Similarly, population-based studies have shown that impulsivity traits,
such as disinhibition and impulsive decision-making, are linked with higher snack
consumption and reduced dietary restraint [73].
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Impulsivity further undermines the effectiveness of weight management
interventions. In a longitudinal study, obese children with higher impulsivity were
less likely to achieve sustained weight loss and more prone to relapse following
behavioral treatment, underscoring the importance of self-regulatory capacities in
sustaining behavioral change [74]. Neuroimaging research further supports these
findings, with adolescents with obesity frequently showing altered activation in
reward- and control-related brain regions, particularly the orbitofrontal cortex and
striatum. These alterations may explain heightened responsiveness to palatable foods
and reduced inhibitory control [6, 75]. Importantly, impulsivity seldom operates in
isolation. It frequently co-occurs with emotion dysregulation, anxiety, and
depressive symptoms, creating a cumulative burden on psychological functioning.
Environmental stressors, such as family conflict or inconsistent parenting, may
exacerbate impulsive tendencies by limiting opportunities to practice self-regulation
[4]. Intergenerational studies also demonstrate that parental – particularly
maternal – impulsivity is correlated with adolescents’ impulsivity and BMI,
suggesting the joint influence of genetic predispositions and modeling processes [9].

Overall, impulsivity represents a transdiagnostic vulnerability that bridges
psychological, neurobiological, and familial risk pathways. Interventions targeting
impulse control and executive functioning – such as cognitive training, behavioral
reinforcement, and mindfulness-based approaches – are promising in mitigating its
negative impact. Moreover, structuring home and school environments to reduce
exposure to high-calorie food cues and promote structured daily routines can
support adolescents in strengthening regulatory skills. Addressing both individual
traits and family dynamics is, therefore, essential for improving the effectiveness of
obesity prevention and treatment strategies in this vulnerable group.

3.3 Internalizing symptoms

The association between elevated BMI and internalizing symptoms, such as
anxiety and depression, has been widely documented, with both conditions
representing significant contributors to adolescent morbidity [55]. Importantly,
these associations do not emerge uniformly across development but become
increasingly pronounced frommiddle childhood into adolescence. For example, data
from the UK Millennium Cohort Study demonstrated that, while obesity and
internalizing problems rarely co-occur in early childhood, they increasingly
converge during adolescence, with obesity nearly doubling the risk of depressive and
anxious symptoms by age 14 [54]. This convergence reflects bidirectional influences.
Cross-lagged longitudinal models suggest that higher BMI in childhood predicts
subsequent increases in depressive symptoms, whereas adolescent psychological
distress predicts later weight gain [54]. These pathways remain significant even after
controlling for socioeconomic adversity, suggesting that both environmental
stressors and direct psychosocial mechanisms contribute to the reciprocal link.

Disordered eating behaviors are key mediators of this association. Early signs –
such as calorie restriction, binge eating, or excessive exercise – often emerge in
preadolescence and strongly predict both later eating disorder onset and emotional
difficulties [49, 76, 77]. Rather than being transient, these behaviors tend to persist
and escalate, reinforcing cycles of distress and weight gain. Shared vulnerabilities,
including maladaptive coping strategies, anxiety sensitivity, and harm-avoidant
cognitions, help explain why internalizing symptoms and disordered eating
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frequently co-occur [78, 79]. Social and cultural processes further intensify these
risks. Experiences of weight-based stigma and peer exclusion are strongly associated
with depressive symptoms, with body dissatisfaction emerging as a central mediator
[80, 81]. Attempts to control weight through dieting often exacerbate psychological
distress, as cycles of dietary restraint and failure undermine mood and self-esteem,
increasing vulnerability to both depression and disordered eating [82, 83].

Biological mechanisms complement these psychosocial pathways. Dysregulation
of the HPA axis, alterations in stress-related metabolic processes, and heightened
inflammatory responses have all been implicated in linking obesity with
internalizing psychopathology [84]. Genetic studies similarly point to shared
heritability between depression, anxiety, and disordered eating, reinforcing the view
of overlapping vulnerability pathways [85].

In summary, internalizing symptoms are not merely secondary outcomes of
obesity but integral to its developmental and psychosocial context. From
preadolescence onward, obesity and emotional disorders increasingly codevelop,
sustained by cycles of stigma, body dissatisfaction, disordered eating, and
maladaptive coping. Preventive interventions that integrate weight-related and
psychological components – by enhancing emotion regulation skills, reducing
stigma, and supporting adaptive coping – may help disrupt these reinforcing cycles
and improve both mental health and weight outcomes [49, 54].

3.4 Self-esteem and body image

Low self-esteem and body dissatisfaction, which are closely related to
internalizing difficulties, represent particularly salient psychosocial vulnerabilities
in adolescents with obesity. Large-scale studies consistently demonstrate that
overweight and obese youth report lower levels of self-esteem compared to their
normal-weight peers, with adolescent girls disproportionately affected [56]. Low
self-esteem not only contributes to negative body image but also predicts depressive
symptoms, frequently driving maladaptive coping strategies such as emotional or
binge eating [57]. This cycle of negative affect, overeating, and subsequent weight
gain reinforces the reciprocal relationship between obesity and psychological
distress. Population-based surveys provide further nuance. In an Australian cohort,
obese children reported significantly lower competence across domains such as
athletic performance and physical appearance, with obese girls being particularly
vulnerable: two-thirds reported low appearance competence, and one in five
endorsed low global self-worth [56]. Longitudinal studies confirm that childhood
obesity nearly doubles the risk of developing low self-esteem in adolescence, even
after accounting for baseline levels of self-esteem and other confounders [57]. These
findings highlight how weight problems exert long-term developmental effects on
adolescents’ self-concept.

The developmental trajectory of self-esteem also plays a critical role in later
psychological outcomes. Prospective research has shown that self-perceived
attractiveness and social popularity in early adolescence serve as protective factors
against disordered eating in young adulthood, whereas peer-rated likability was
unexpectedly associated with increased vulnerability, underscoring that not all social
evaluations function as protective influences [86]. Such findings suggest that specific
self-esteem domains may be more predictive of subsequent maladaptive outcomes
than global self-esteem alone. Cultural and social processes magnify these risks.
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Adolescents with obesity are frequently subjected to teasing, bullying, and stigma –
experiences that erode self-worth and heighten body dissatisfaction. Social
comparison processes – especially in peer and media environments that idealize
thinness and emphasize appearance – further exacerbate these vulnerabilities,
fostering maladaptive eating behaviors and negative self-image. Over time, chronic
exposure to such pressures has been shown to predict poorer mental health, reduced
quality of life, and the persistence of obesity into adulthood [56, 86].

These findings underscore the importance of interventions directly addressing
self-esteem and body image in the prevention and treatment of adolescent obesity.
Programs that foster resilience, promote positive body image, and reduce weight-
related stigma – particularly when implemented in school, family, and community
contexts – are especially promising. When combined with behavioral and nutritional
support, such approaches not only promote psychological well-being but also
enhance the effectiveness of obesity prevention and treatment efforts.

3.5 Emotion regulation difficulties

Self-esteem and body image reflect the social-cognitive aspects of adolescent
vulnerability, whereas emotion regulation difficulties underscore the affective and
self-regulatory processes through which distress contributes to maladaptive eating.
Emotion regulation refers to the capacity tomonitor, evaluate, andmodify emotional
experiences, and deficits in this domain have been consistently identified as
transdiagnostic risk factors for both obesity and associated psychopathology [52, 87].
Adolescents with overweight and obesity, particularly those who engage in binge or
emotional eating, often struggle to identify, express, and manage emotions
effectively [88]. Importantly, these difficulties are not merely secondary to excess
weight but often originate early in development. For example, toddlers with poor
self-regulation skills are more likely to develop higher BMI later in childhood [51],
and maternal emotional dysregulation during pregnancy has been linked to obesity
risk and disordered eating in offspring by preschool age [89]. Such findings suggest
that emotion regulation difficulties represent early developmental vulnerabilities
that contribute to later weight problems. In adolescence, reliance on maladaptive
coping strategies such as rumination, suppression, or avoidance is particularly
common, while adaptive strategies – such as cognitive reappraisal or problem-
solving – are underutilized [90]. This reliance not only increases the likelihood of
emotional eating in the short term but also heightens vulnerability to depressive and
anxious symptoms, thereby reinforcing cycles of psychological distress and weight
gain [53].

Neurobiological evidence complements these psychosocial findings. HPA axis
dysregulation and heightened cortisol reactivity to stress have been associated with
increased hunger and food cravings, contrary to normative stress responses, which
typically involve appetite suppression [91]. In addition, deficits in interoceptive
awareness – difficulty recognizing internal cues such as hunger and satiety – have
been consistently observed among adolescents with obesity, further increasing
vulnerability to emotional eating [92, 93]. Family and environmental contexts
significantly influence these regulatory difficulties. Children exposed to inconsistent
emotional support, intrusive feeding practices, or neglect are more likely to develop
alexithymia, poor emotional awareness, and reliance on food as a primary coping
strategy [94, 95]. Evidence suggests that disruptions in attachment relationships
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contribute to the intergenerational transmission of maladaptive emotion regulation
and eating behaviors [87]. Gender differences add another layer of complexity:
adolescent girls are more prone to suppression-related overeating and body
dissatisfaction, while boys appear less consistently affected by sociocultural
pressures tied to thinness [96, 97].

Finally, emotion regulation difficulties should be conceptualized as
developmental vulnerabilities that intersect with biological, psychological, and social
risk pathways. Interventions that strengthen these skills – including cognitive-
behavioral therapy (CBT), dialectical behavior therapy for adolescents (DBT-A),
and mindfulness-based approaches – have shown promise in reducing emotional
eating and improving psychological well-being [98]. Preventive programs initiated
early in life, focusing on emotional awareness and adaptive regulation strategies,
may offer long-term protection against the concurrent development of obesity and
related psychopathology.

4. Familial risk factors

Adolescents’ psychological development and health behaviors, including eating
patterns and emotion regulation, are strongly shaped by the family environment,
with maternal factors receiving particular attention due to mothers’ central role in
caregiving, modeling, and coregulation [8]. Maternal psychological distress,
disordered eating, and impulsivity directly and indirectly increase obesity risk by
fostering emotional dysregulation, maladaptive eating, and higher BMI in offspring
[8, 99–101]. Maternal eating behaviors, such as emotional or binge eating and using
food as a reward, represent important intergenerational influences transmitted
through modeling and family dynamics [102]. Maternal impulsivity further
undermines routines and has stronger effects on daughters’ BMI, suggesting gender-
specific pathways [4, 9, 50].

The dyadic mother–child relationship is central to emotion socialization.
Maternal difficulties in emotion regulation may foster maladaptive coping, leading
adolescents to develop emotional eating, depressive symptoms, and elevated BMI [6,
72]. Gender differences are evident: girls tend to mirror maternal affective states,
whereas boys may express distress through impulsive overeating or conduct
problems [73, 86]. In addition, maternal weight status before and during pregnancy
is among the strongest predictors of offspring obesity, reflecting the combined
influence of biological predispositions and early feeding environments [103, 104].

Overall, maternal influences operate within a broader family system,
underscoring the need for prevention and intervention programs that support
maternal mental health, address impulsivity, and reshape eating behaviors alongside
adolescent-focused treatments.

4.1 Maternal psychological distress

Maternal psychological distress – including depression, anxiety, and broader
emotional difficulties – has been consistently associated with adverse developmental
outcomes in children and adolescents. These outcomes include heightened emotional
dysregulation, maladaptive eating behaviors, and an elevated risk of overweight
and obesity [8, 99]. Mothers experiencing significant distress often struggle to
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maintain consistent routines, provide stable emotional support, or model adaptive
coping strategies, thereby transmitting emotional vulnerabilities to their children
[105]. Clinical research highlights a strong relationship between maternal affective
symptoms and adolescents’ psychological adjustment and obesity-related outcomes.
Higher maternal depression and anxiety scores have been linked with increased
adolescent BMI and emotional eating, highlighting the impact of maternal
functioning on the family environment and children’s regulatory capacities [99].
When maternal psychopathology co-occurs with disordered eating in the child, risks
are magnified: maternal emotional difficulties are among the strongest predictors of
bulimic behaviors in obese adolescents [106].

Beyond direct mood symptoms, maternal personality traits and attachment
styles also play a role. Mothers of children with obesity more frequently report
high anxiety, obsessiveness, and low self-esteem compared to mothers of lean
children, pointing to a broader psychosocial profile of vulnerability [8].
Attachment research similarly shows that insecure maternal attachment styles
are more common in this group [100]. Furthermore, low maternal
conscientiousness has been linked to inconsistent or restrictive feeding practices,
both of which may inadvertently foster weight gain in children [101].
Psychological distress also undermines mothers’ ability to sustain healthy
routines around meals, physical activity, and sleep – routines critical for weight
regulation [9]. Parenting-role stress and general parental stress have been
systematically linked to greater obesity risk in offspring [107]. Importantly, the
relationship between maternal and adolescent distress is bidirectional:
adolescents’ internalizing or behavioral problems can heighten maternal stress,
reinforcing cycles of vulnerability across generations [108].

Taken together, maternal psychological distress rarely acts in isolation. Instead, it
interacts with personality traits, parenting stress, and family dynamics, shaping
children’s emotional development and eating behaviors in complex ways.
Addressing maternal mental health within obesity prevention and intervention
programs is, therefore, essential. Supportingmothers through targetedmental health
care, stress management, and parenting interventions not only enhances maternal
well-being but also reduces the intergenerational transmission of obesity-related
risk.

4.2 Maternal disordered eating and impulsivity

Maternal eating behaviors exert a powerful influence on children’s dietary habits
and long-term relationships with food. Mothers who engage in emotional eating,
binge eating, or restrictive practices often transmit these patterns
intergenerationally through modeling, shared emotional climates, and feeding
strategies [102]. In certain households, food functions as a coping mechanism or
reward, contributing to the consolidation of maladaptive patterns and increasing the
likelihood of persistence into adolescence. Maternal impulsivity compounds these
risks. Defined by difficulties in self-control, a preference for immediate rewards, and
challenges in delayed gratification, impulsivity undermines consistent parenting
practices [4]. Maternal impulsivity has been associated with difficulties in regulating
emotions, enforcing mealtime routines, and maintaining healthy limits, thereby
reducing opportunities for children to develop self-regulation skills.
Intergenerational pathways are both genetic and observational: children of impulsive
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mothers tend to show greater impulsivity themselves, which, in turn, predisposes
them to obesity [50].

Empirical evidence supports the centrality of maternal pathways. Maternal
impulsivity, more strongly than paternal impulsivity, has been linked with both
children’s impulsivity and BMI [9]. Gender-specific effects have also been observed:
maternal impulsivity is particularly predictive of daughters’ BMI, suggesting
heightened sensitivity among girls. Longitudinal studies further demonstrate that
when impulsive child temperament co-occurs with low maternal sensitivity, obesity
risk is significantly amplified [109, 110]. Children with obesity frequently display
impulsivity-linked eating behaviors, such as disinhibition, excessive snacking, and
heightened responsiveness to external food cues [73, 111]. These findings suggest
that impulsivity contributes to higher BMI both directly and indirectly by shaping
maladaptive eating styles and self-regulatory failures [112, 113].

In sum, maternal disordered eating and impulsivity reinforce one another within
mother–child dyads, creating a cycle of dysregulation that operates across
behavioral, emotional, and relational domains. Addressing maternal vulnerabilities
is, therefore, critical for effective prevention and treatment. Family-based programs
that promote maternal self-regulation, encourage adaptive feeding practices, and
support healthier coping mechanisms may disrupt these intergenerational pathways
and mitigate adolescents’ obesity risk [72].

4.3 Intergenerational modeling and emotion coregulation

The mother–child relationship provides a central context for the socialization of
emotions and eating behaviors. Emotion coregulation refers to the ways in which
caregivers guide children in recognizing, expressing, and managing emotions. When
mothers themselves struggle with emotional regulation, they may unintentionally
model maladaptive responses – such as emotional eating, withdrawal, or avoidance –
while failing to scaffold adaptive strategies [6]. Over time, these dynamics
strengthen the association between negative affect and food consumption,
reinforcing adolescents’ vulnerability to both psychological distress and obesity.
Adolescents with obesity appear especially sensitive to maternal emotional and
behavioral functioning. Studies show that maternal emotional instability, disordered
eating, and impulsivity are linked with higher levels of adolescent emotional eating,
depressive symptoms, and elevated BMI. Structural modeling further demonstrates
that maternal impulsivity and maladaptive eating influence adolescent BMI
indirectly through adolescents’ own impulsivity and eating behaviors, highlighting
the interactive nature of these parent–child pathways [72].

Gender-specific effects provide additional nuance. Girls are more likely to mirror
maternal emotional states and eating patterns, whereas boys often externalize
distress through impulsive overeating or behavioral difficulties [73, 86]. These
findings align with broader developmental research indicating that females tend to
internalize stress and body image concerns, while males are more prone to
externalizing behaviors. In addition, maternal weight status and dietary behaviors
contribute substantially to intergenerational risk. Maternal obesity before and
during pregnancy strongly predicts obesity in offspring, with effects persisting into
adolescence [103, 104]. Moreover, mothers shape the home food environment by
establishing cultural and familial scripts around food use as comfort or reward,
embedding regulatory strategies within daily practices [102].
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Overall, intergenerational modeling and emotion coregulation illustrate how
maternal vulnerabilities become embedded in the family system. Adolescents not
only inherit biological predispositions but also internalize behavioral and emotional
patterns through ongoing interaction. Effective interventions must, therefore, target
both maternal and adolescent functioning – supporting maternal mental health,
enhancing parental modeling of adaptive coping, and fostering healthier emotion
regulation strategies within families. By addressing these dyadic dynamics,
prevention and treatment efforts can more effectively disrupt cycles of maladaptive
eating and obesity across generations.

5. Clinical implications

Effective management of adolescent obesity requires moving beyond traditional
diet- and exercise-focused models to include psychiatric, behavioral, and familial
dimensions. Routine screening for psychiatric comorbidities – such as depression,
anxiety, ADHD, and eating disorders – should be incorporated into obesity
assessments. Early identification of these vulnerabilities allows clinicians to address
psychological mechanisms that sustain weight gain and complicate treatment.
Integrating validated mental health measures into pediatric and adolescent obesity
programs can prevent underdiagnosis and support individualized care.

Interventions that target self-regulatory capacities are particularly critical. CBT,
DBT-A, and mindfulness-based approaches have shown promising efficacy in
reducing impulsivity, strengthening emotion regulation, and addressingmaladaptive
eating patterns. Preventive programs initiated in childhood – focusing on frustration
tolerance, adaptive coping, and impulse control – may provide long-term protection
against the codevelopment of obesity and psychopathology.

Equally important is the role of the family environment, particularly maternal
functioning. Treating maternal depression and anxiety, improving parenting
practices, and fostering consistent routines around sleep, meals, and activity can
reduce intergenerational risk. Family-based interventions that emphasize both
feeding practices and emotion coregulation have shown promise in reshaping the
relational context of adolescent development. Given observed gender differences –
girls being more vulnerable to maternal modeling and boys more prone to
externalizing distress – gender-sensitive tailoring of interventions may further
increase their effectiveness.

At a broader level, public health strategies should complement clinical efforts.
School-based programs to reduce stigma and promote positive body image,
community initiatives supporting parental mental health, and culturally sensitive
interventions targeting at-risk families can help disrupt cycles of vulnerability.
Combining individual, family, and societal approaches is essential for achieving
sustainable outcomes.

6. Conclusion

Adolescent obesity is best understood as a complex condition shaped by the
intersection of psychiatric vulnerabilities, maladaptive behavioral patterns, and
family dynamics. Rather than being a simple result of caloric imbalance, it is closely
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intertwined with depression, anxiety, ADHD, and eating disorders – each
reinforcing cycles of distress and excess weight. Psychological factors such as
impulsivity, low self-esteem, and emotion regulation difficulties further magnify
vulnerability, highlighting the central role of self-regulatory capacities in weight
trajectories.

Maternal functioning emerges as a particularly influential factor, with
psychological distress, disordered eating, and impulsivity transmitting risk across
generations through modeling and emotion coregulation. However, these influences
operate within a broader biopsychosocial system that includes genetic,
developmental, and sociocultural pathways. Addressing adolescent obesity,
therefore, requires interventions that simultaneously target individual traits, familial
processes, and social contexts.

Taken together, the evidence calls for integrated prevention and treatment
strategies that combine psychiatric care, behavioral training, family-based
interventions, and stigma reduction at the community level. By tackling the
psychological and familial roots of obesity alongside lifestyle modification, such
approaches hold the potential to reduce prevalence rates and mitigate the long-term
psychological and health consequences across the lifespan.
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Chapter 9

The Influence of BMI and Other
Measures of Adiposity on Risks and
Outcomes in Orthopaedic
Traumatology
McKenna W. Box, Adam Green, John Badylak and
John T. Riehl

Abstract

Obesity significantly influences risks and outcomes in orthopaedic trauma
surgery, presenting unique challenges across various fracture types. This
comprehensive review synthesizes current evidence on the impact of elevated body
mass index (BMI) on orthopaedic trauma, highlighting epidemiological trends,
perioperative considerations, surgical challenges, and postoperative complications.
High BMI correlates with substantially higher intra- and post-operative risks, such as
infection, nonunion, and thromboembolic events. Central adiposity further
compounds fracture risks and complicates surgical management beyond BMI alone.
Despite these challenges, tailored perioperative planning, vigilant postoperative
management, and technical surgical adaptations can mitigate some obesity-
associated risks. Future research should identify specific BMI or adiposity thresholds
associated with increased risk and determine the optimal surgical techniques or
interventions to improve outcomes in this growing patient population.

Keywords: obesity, orthopaedic trauma, body mass index,fracture risk,surgical
complications,central adiposity, fracture healing, nonunion, thromboembolism

1. Introduction

Obesity is a growing global epidemic, affecting 16% of adults worldwide as of
2022, more than double the rate from 1990 [1]. Once limited to high-income
countries, obesity now spans the globe [1, 2]. Clinical obesity is classified into
Class I (BMI 30–34.9), Class II (BMI 35–39.9), Class III (BMI ≥40), and superobese
(BMI ≥50) [3].

While BMI remains the standard metric in clinical practice, it fails to distinguish
between fat and lean mass. Measures of central adiposity, such as waist
circumference (WC), waist-to-height ratio (WtHR), and body fat percentage
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(BF%), offer improved risk stratification, particularly for cardiometabolic and
fracture risk [4–7].

While there is evidence that obesity does not influence overall fracture risk, it
does increase risk based on anatomical location and age groups [4, 8, 9]. Class III
obese workers experience nearly twice the injury rate of normal-weight peers, and
85% of manufacturing-related injuries occur in overweight or obese individuals [7,
10]. Though increased weight was once thought to be protective for fractures due to
increased BMD, newer evidence suggests that central adiposity (e.g., WC, WtHR)
heightens fracture risk, particularly in the lower extremities [11].

Obesity also exacerbates postoperative risks through systemic inflammation and
impaired bone healing. Altered cytokine profiles impair osteogenesis, contributing to
delayed union and nonunion [12, 13]. Additionally, infection and thromboembolism
rates are elevated, especially when obesity coexists with malnutrition [14–16].
Assessment of both adiposity and nutritional status is, therefore, essential [17].

The convergence of obesity and orthopaedic trauma presents unique
perioperative and postoperative challenges. This chapter synthesizes current
evidence to guide management across anatomical regions, highlighting
epidemiologic patterns, surgical complexity, and complication risks in obese trauma
patients.

2. Upper extremity fractures

2.1 Epidemiology and risk factors

Obesity’s influence on upper extremity fracture risk varies by site. High BMI
increases the likelihood of proximal humerus fractures, especially among
postmenopausal women, where the risk is 30–50% higher than in non-obese peers
[18, 19]. In contrast, higher BMI is associated with a lower risk of distal radius
fractures [20–22]. An increased WtHR may increase fracture incidence at both the
wrist and humerus, though fracture-specific WtHR analyses remain lacking [23].

Obesity may also increase fracture complexity. In distal radius and proximal
humerus fractures, higher BMI is associated with greater severity, likely due to
increased impact forces from ground-level falls [20, 24–26].While data are limited in
adults, overweight children demonstrate more complex radius and ulna shaft
fractures [27].

2.2 Postoperative complications

In surgically managed proximal humerus fractures, overweight status raises the
complication risk by 115% [28]. In addition to obesity, when patients have six or
more comorbidities, this risk amplifies nearly threefold [28]. Although smaller
studies have shown mixed results [26], a large database analysis of over 20,000
patients reported increased rates of shoulder stiffness, infection, and
thromboembolic events following operative treatment of proximal humerus
fractures in obese patients [29].

Obese patients are more likely to fail conservative management of proximal
humerus fractures, with higher rates of delayed conversion to surgery [30]. Evidence
on long-term outcomes is mixed; some studies report no difference in union or
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function [31], while others identify obesity as a predictor of adverse events or
treatment failure [18]. Further research is needed to clarify optimal management
strategies in this population.

In distal humerus fractures, obesity increases 90-day complication rates,
including a 2.5-fold higher risk of infection and a nearly sixfold higher overall
complication risk [32, 33]. Hardware-related failures, such as nonunion, implant
loosening, or breakage, are more frequent in patients with a BMI > 25, particularly in
bicolumnar patterns or when multiple fractures are present [34, 35]. Ulnar nerve
complications are also more common, especially in those treated with total elbow
arthroplasty [36].

For distal radius surgical fixation, class III obesity nearly doubles the risk of
adverse outcomes, such as readmission, reoperation, and prolonged hospitalization
[37]. One analysis showed a 2.3% increase in complication risk for every 1-point
increase in BMI [25]. Despite these risks, radiographic and functional outcomes
appear comparable between obese and non-obese patients [20, 38].

3. Ankle fractures

3.1 Epidemiology and risk factors

Obesity increases both the incidence and severity of ankle fractures,
particularly in postmenopausal women. Obese women have up to three times the
risk of sustaining ankle fractures from low-energy mechanisms, and
postmenopausal women with obesity have a 60% higher risk compared to their
non-obese peers [22, 39, 40].

Higher BMI is also associated with more complex fracture patterns. Obese
patients are nearly twice as likely to sustain Weber B/C fractures with syndesmotic
instability and have higher rates of open fractures [40, 41]. Preoperatively, surgeons
should suspect occult syndesmotic or plafond involvement in these patients [42].

3.2 Intraoperative challenges

Ankle fracture surgery in obese patients presents technical challenges due to
complex fracture patterns, requiring greater exposure and fixation [40]. While
longer operative times are expected, direct comparisons between obese and non-
obese individuals regarding operative time remain limited.

Increased soft tissue bulk complicates anatomic reduction and fixation. Deeper
surgical planes raise the risk of soft tissue healing problems [43]. Minimally invasive
options, like fibular intramedullary nailing (IMN), can reduce infection rates,
especially in diabetic patients [44], but require advanced techniques and
fluoroscopic guidance [45, 46]. These technical barriers raise the risk of
malreduction, compounding post-traumatic complications [47].

Early surgical fixation (<24 hours) reduces the risk of wound complications and
shortens hospital stays, while delays of over 7 days are associated with worse long-term
functional outcomes [48–50]. However, soft-tissue swelling – not surgical delay – is the
stronger predictor of wound issues [51]. Tools like the heel-pad compressibility index
(ratio of weight-bearing heel pad thickness to non-weight-bearing heel pad thickness on
ultrasound) can guide surgical timing in obese or high-risk patients [52].
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3.3 Postoperative complications

Obesity substantially raises the risk of postoperative complications following
ankle surgical fixation. In a large cohort of over 160,000 patients, obese individuals
had higher 90-day complication and readmission rates [53]. At two years, nonunion
and post-traumatic arthritis rates were more than doubled. Wound dehiscence and
deep infections were also more frequent, often requiring reoperation or prolonged
antibiotic therapy [53].

Soft-tissue condition is a stronger predictor of wound complications than BMI
alone. A heel-pad index greater than 1.4 increases the odds of complications by over
threefold [52]. Risk is further elevated by comorbidities (diabetes, high ASA class),
age, poor function, and complex fracture patterns, which increase reoperation risk
five- to sevenfold [42, 53–56].

Obese patients generally report worse functional outcomes after ankle fracture
surgery, with more persistent pain, disability, and activity limitation [53, 57, 58].
Delayed weight-bearing is commonly advised postoperatively in this population due
to limited BMI-specific evidence on the safety of early mobilization [59].

4. Proximal femur fractures (Hip fractures)

4.1 Epidemiology and risk factors

Hip fractures, including femoral neck and intertrochanteric types, remain high-
morbidity injuries [60]. Obesity is associated with a lower overall risk of hip
fracture, and a BMI > 30 reduces the risk by 25–50%, particularly in women
[61–64]. However, there is evidence that obesity increases the risk of
subtrochanteric femur fractures relative to femoral neck or intertrochanteric
femur fractures [65]. This “obesity paradox” is thought to be due to increased BMD
resulting from greater mechanical loading, which has been confirmed in
multivariable models [66].

However, using BMI alone does not capture the full risk of hip fracture in obese
individuals. Central adiposity, as measured by WC or WtHR, is a stronger predictor
of hip fracture risk than BMI alone [67]. High baseline central obesity, utilizing
WtHR, is associated with a 24% increased risk of hip fracture independent of BMI
[68]. Women and men in the highest tertile of WC have an 86% and 100% higher
risk of hip fracture, respectively, compared to the lowest tertile [69]. For every
0.1-unit increase in WtHR, there is an associated 16% increased risk [70]. In
addition, the top tertile of BF% around the hip, measured on DEXA scans, was
associated with a 32% to 68% increased risk of hip fracture [71]. Conversely,
abdominal fat percentage was not associated with any increased risk regardless of the
tertile. These findings indicate that the location of adiposity confers additional
fracture risk beyond that captured by BMI.

Regarding fracture severity, obesity is associated with more stable
Arbeitsgemeinschaft für Osteosynthesefragen/Orthopaedic Trauma Association
(AO/OTA) type 31A1/A2 fracture patterns. In contrast, non-obese elderly patients
are more prone to comminuted, unstable patterns (AO/OTA 31A3) [61]. However,
overall data are limited on the relationship between obesity and fracture location and
morphology.
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4.2 Perioperative challenges

Optimizing obese patients perioperatively for hip fracture surgery is challenging.
Obesity is associated with surgical delays beyond 36 hours, significantly increasing
morbidity and mortality risks [72, 73]. Such delays are often due to healthcare
policies requiring blanket BMI-based screenings, which can result in unnecessary
delays [74–76].

During surgery, special considerations are essential for obese patients. Operating
tables, such as the Hana table (Mizuho OSI) (204 kg limit) and the flat Jackson table
(Mizuho OSI) (227 kg limit), typically accommodate obese patients up to a point.
However, incidents of obese patients falling off tables necessitate enhanced safety
measures, including the use of additional straps and supports [77–79]. When
a patient’s weight exceeds the capacity of a single table, the patient can be supported
by taping and strapping two flat tables together in a staggered position, distributing
the patient’s weight across the two radiolucent tables [80].

On average, surgical duration for hip fractures is prolonged by approximately 40
minutes in obese patients (154.6 ± 54.8min vs. 113.6 ± 44.1 min) [74]. Specifically,
operative time significantly increases with obesity for femoral neck and
intertrochanteric femur fractures, along with more challenging fluoroscopy and
fracture reduction procedures [61, 63, 81, 82]. Subtrochanteric femur fractures,
although requiring similar overall surgical time, more frequently necessitate open
reductions as BMI increases, with each BMI unit increasing the odds of open
exposure by 20% [83]. Yet, no significant differences were noted in blood loss or
implant selection [83].

In superobese patients (BMI > 50), higher anesthetic and airway management
risks were noted, though intraoperative complications remained similar to those in
less obese patients. However, issues with surgical tool adequacy due to soft-tissue
depth were reported, emphasizing the importance of preparing longer instruments
for adequate exposure [84].

4.3 Postoperative complications

Obesity increases postoperative complication rates following hip fracture
surgery, with elderly obese patients experiencing a 2.6-fold greater risk of significant
complications compared to normal-weight patients [85, 86].

Patients with superobesity experience higher complication rates but not
increased mortality. Studies consistently demonstrate equal or lower 30-day and
1-year mortality rates among obese patients after hip fracture surgery [84].
Conversely, underweight patients have increased short-term and long-term
mortality, highlighting frailty and malnutrition as stronger predictors than obesity
[87]. Additionally, extremely high or low body fat percentage (BF%), as opposed to
BMI alone, is associated with increased mortality and impaired functional recovery,
emphasizing limitations in using BMI alone for risk stratification [88, 89].

While the elective arthroplasty literature has identified a BMI > 35–40 as
a predisposing factor for higher infection and reoperation rates, the literature on the
effects of BMI on complications after femoral neck fractures treated with
arthroplasty is sparse [90].

Extracapsular hip fractures (intertrochanteric and subtrochanteric) typically
undergo internal fixation, and obesity significantly increases perioperative
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complications in these procedures. Superobese patients face major complication
rates as high as 20% andminor complication rates of 33% [91].Wound complications
escalate with increasing BMI, beginning notably at a BMI of 25.6 for superficial
infections and 35.5 for deep infections, with odds of wound issues nearly fivefold
higher at BMI ≥ 40 [92]. However, immediate postoperative mortality rates remain
similar to those of normal-weight individuals [84, 93].

Overweight and moderately obese patients demonstrate lower 30-day and 1 year
mortality rates and better 1 year functional recovery compared to normal-weight and
underweight individuals, showing a 34% lower early and 22% lower late mortality,
termed the “obesity paradox” [93]. Patients with a BMI greater than 26 are more
likely to regain independence after a pertrochanteric fracture [85, 94]. Conversely,
severe obesity (BMI ≥ 40) negatively affects other outcomes, including delayed
mobilization and an increased likelihood of requiring long-term nursing facility care
[95]. The risk of long-term institutionalization escalates significantly with higher
degrees of obesity, highlighting the adverse outcomes associated with severe
obesity [95].

5. Femoral shaft and distal femur fractures

5.1 Epidemiology and risk factors

Femoral shaft fractures generally result from high-energy mechanisms, whereas
distal femur fractures typically occur due to low-energy falls in older women.
Obesity significantly influences the mechanism, location, and severity of femur
fractures. Patients with a BMI ≥ 30 have increased odds of femoral shaft and distal
femur fractures compared to normal-weight or underweight individuals, even after
adjusting for confounding variables [64, 96]. Overall, obese patients are more likely
to sustain femur fractures from higher-energy mechanisms [97]. When controlling
for the mechanism, obese patients are more prone to femoral shaft and distal femur
fractures from lower-energy incidents [62]. In contrast, normal-weight individuals
typically sustain more proximal femur fractures, aligning with prior findings that
obesity may confer protection against proximal femur fractures [87].

Under similar trauma mechanisms, obese patients have more severe distal femur
fractures, with AO/OTA type B/C comminution in 90% versus 61% in non-obese
patients [98]. Although obesity does not increase the overall incidence of femur
fractures, it influences the fracture pattern and location, leading to more distal shaft
involvement compared to the general population. Data remains limited regarding the
relationship between other measures of adiposity (e.g., waist circumference, waist-
hip ratio) and femoral fracture risk, as current literature primarily focuses on BMI-
based classifications.

5.2 Perioperative challenges

Obesity complicates femoral fracture surgeries by making patient positioning and
anatomical landmark identification harder to manage, often prolonging operative
time. Techniques like taping the abdominal pannus up and using a reverse
Trendelenburg position can enhance surgical exposure [99]. Positioning the obese
patient supine on a fracture table can be problematic. The perineal post can cause
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soft-tissue injury or nerve palsy if excessive pressure is applied to counteract the
heavy leg traction.

Lateral soft tissue may deflect instruments during antegrade IMN. Techniques such
as the use of flexible reamers, more proximal incisions, and reamer extensions can help
reduce this problem [100]. In addition, trochanteric entry nails may be favored over
piriformis entry nails to decrease the effects of soft tissue obstruction [101]. Retrograde
IMN can significantly reduce surgery duration by 40% and result in threefold lower
X-ray exposure compared to antegrade nailing, on par with non-obese patients [102].
However, even though intraoperative technical challenges exist, evaluation of
postoperative femoral version does not show a difference between antegrade IMN with
a trochanteric or piriformis starting point versus retrograde IMN [103].

It is well-documented that associated injuries, such as ipsilateral femoral neck
fractures, are common in femoral shaft fractures but are harder to detect on initial
radiographs in obese individuals [104]. Evidence is lacking in evaluating the
incidence of these combined injuries in obese patients. It has been recommended to
perform routine advanced imaging, such as fine-cut CT scans of the hip and femur,
in obese patients with femoral shaft fractures to prevent missing femoral neck
fractures that may be hidden on plain radiographs [101].

Regarding distal femur fractures, finite element analysis demonstrates that
increased body weight substantially increases interfragmentary strain in lateral
locking plate constructs. However, shortening the working length of the plate, and
thereby increasing construct rigidity, can mitigate this effect [105].

5.3 Postoperative complications

Postoperative complications are significantly increased in obese patients with
femoral shaft and distal femur fractures. Morbidly obese patients with femoral shaft
fractures have substantially higher complication rates (23% vs. 9% in normal-weight
patients), including far greater risks of ARDS, sepsis, and even mortality [106–108].
However, obesity per se does not typically impede fracture healing. By nine months
after injury, obese and non-obese patients achieve bone union at similar rates, though
obesity may substantially delay early healing [102, 103]. For example, one study found
that only 38% of fractures in obese patients were united at the 6-month mark,
compared to 79% in non-obese patients, and all observed cases of hypertrophic
nonunion in that series occurred in obese men with comminuted fractures [108, 109].

In distal femur fractures, obesity further exacerbates complications, with a 5%
increase in the odds of nonunion per BMI unit increase [109]. Nonunion risk
requiring additional surgery is significantly higher in obese patients (approximately
44% vs. 4% in non-obese patients) with lateral locked plating, making BMI a strong
predictor of reoperation [106].

Functionally, obese patients demonstrate slower and less complete recovery
compared to non-obese patients [110]. Although baseline lower-extremity function
scores may be comparable, obese individuals with femoral shaft fractures often
experience a prolonged period of limited mobility, potentially resulting from the
combined burden of body habitus and impaired fracture healing [98, 102]. Another
study focusing on distal femur fractures in elderly patients noted that being
underweight (BMI < 20) was a risk factor for poor recovery of independence. In
contrast, overweight patients did not differ significantly in activities of daily living
recovery [111].
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6. Tibial Shaft, plateau, and plafond (Pilon) fractures

6.1 Epidemiology and risk factors

Tibial fractures encompass injuries to the tibial shaft, plateau, and plafond
(pilon), each characterized by distinct anatomical locations and mechanisms. Tibial
shaft fractures typically follow a bimodal distribution, with high-energy trauma
affecting younger individuals, predominantly males, and lower-energy fragility
fractures being more common among older adults [112]. Obesity independently
increases the risk of lower extremity trauma, with obese individuals demonstrating
a higher incidence of tibial fractures in vehicle-related injuries (5.6% obese vs. 1.6%
non-obese) [113]. As BMI rises, mechanisms shift toward low-energy ground-level
falls as the primary cause of tibial shaft fractures [114]. However, fracture
morphology remains dependent on injury mechanism rather than adiposity
itself [115].

Central adiposity is an independent predictor of lower-limb fracture risk, even
when BMI is within the normal or overweight range [116]. For every 10 cm increase
in WC, the hazard of distal lower-extremity fractures increases by approximately
12%, while each standard deviation increase in WtHR is associated with a 55%
greater fracture risk [117]. Remarkably, even individuals classified as overweight/
obese (BMI ≥ 25 kg/m2m²) based on BMI exhibit nearly double the fracture incidence
if they possess greater central adiposity (upper tertile WtHR) [23]. Higher WtHR
also correlates with lower BMD at the tibial midshaft, highlighting central adiposity
as a key factor in fracture risk [23].

Specifically for tibial plateau fractures, increased body weight generates higher
mechanical forces, resulting in greater fracture pattern severity, with a 1%
increased risk of sustaining a bicondylar fracture per unit increase in BMI [118]. In
contrast, tibial plafond fractures, which affect the distal tibial articular surface at
the ankle, are not associated with increased fracture complexity due to BMI alone,
but rather with a propensity toward low-energy mechanisms in obese
patients [119].

6.2 Perioperative considerations

As many tibial plateau and tibial plafond fractures are secondary to high-energy
mechanisms, external fixation is a common temporizing measure to allow for soft
tissue swelling to dissipate [120]. BMI is not a predictor of requiring staged fixation
or increased preoperative waiting times in tibial plateau or pilon fractures
[118, 119].

While waiting times are not increased, intraoperative time is significantly
elevated in pilon fractures in obese patients (85 vs. 61 min) [119]. For obese patients,
the thicker soft tissue envelope can make implant placement more challenging due to
deeper exposure and increased retraction needs. However, research has not found
this to lead to larger incisions or alter implant positioning compared to non-obese
patients [121].

The technical aspects of surgery, including achieving and maintaining anatomical
reduction and providing adequate internal fixation, become significantly more
challenging in patients with higher BMIs due to increased soft tissue depth, limited
visualization, and difficulties with intraoperative fluoroscopy [122].
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6.3 Postoperative complications

Obesity substantially heightens postoperative complications following tibial
fractures. For tibial shaft fractures, elevated BMI significantly increases risks of
infection (up to six-fold higher at BMI > 35 or 40), nonunion (2.5-fold increase), and
reoperation to address these issues [115, 123–125]. In cases of nonunion, adjuncts
such as circular external fixation over the existing nail combined with decortication
and bone grafting have demonstrated high union rates and acceptable complication
profiles [126]. Acute compartment syndrome is also notably more common in obese
patients, and when present, dramatically worsens wound complications and
mortality outcomes [127–129]. Despite these acute complications, factors such as
open injuries, fracture severity, and smoking status remain stronger predictors of
delayed union than BMI [120, 121]. In the long term, obesity is associated with joint
space narrowing in the medial compartment of the knee [130]. However, while
higher BMI is statistically associated with slightly lower physical function scores at
one year, the difference does not exceed the minimum clinically significant
difference. There is minimal evidence that other measures of adiposity have a further
influence on long-term functional outcomes [131].

In tibial plateau fractures, higher BMI markedly elevates postoperative
complication risks, including deep infection, wound dehiscence, and venous
thromboembolism [32]. Each incremental increase in BMI corresponds to
approximately a 3.8% rise in surgical complications [118]. While careful
perioperative protocols may mitigate the risk of infection, obesity negatively affects
long-term functional recovery, as demonstrated by significantly worse patient-
reported knee function scores despite comparable radiographic union and alignment
outcomes [132, 133]. Severe bicondylar plateau fractures exhibit increased nonunion
risks in morbidly obese patients, likely related to vascular compromise and fixation
difficulties [134].

For pilon fractures, obesity is predominantly associated with superficial wound
complications [120]. In contrast, deep infection risks strongly depend on other injury
characteristics, such as fracture severity and smoking status [135]. Effective staged
management can mitigate deep infections, underscoring the necessity of vigilant
perioperative planning [119]. Long-term functional outcomes, radiologic arthritis
progression, and union times generally do not differ significantly between obese and
non-obese individuals if early complications are effectively managed [119].

7. Pelvic ring and acetabulum fractures

7.1 Epidemiology and risk factors

Pelvic ring and acetabulum fractures occur at an incidence of 80 per
100,000 person-years, with pelvic ring fractures primarily affecting women in low-
energy mechanisms and acetabulum fractures primarily affecting men in higher-
energy mechanisms [136]. A higher BMI has been shown to have a protective effect
on low-energy pelvic ring fractures in post-menopausal women and older men
(22–42% risk reduction), with each 5-unit increase in BMI associated with a 35%
reduction in the odds of pelvic ring fractures [39, 137]. This is most likely secondary
to increased BMD and greater soft tissue padding during low-energy falls. Although
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a higher BMI is associated with lower abdominal injury scores in the setting of high-
energy trauma [138] (potentially secondary to visceral fat dissipating force), it is not
associated with a change in the risk of pelvic or acetabulum fractures [113].

There is insufficient evidence to conclude that BMI is directly associated with
specific fracture morphologies or classifications, such as those defined by the Tile,
Young-Burgess, or Letournel systems. Although studies have demonstrated an
increase in lateral compression 1 (LC1) type fractures overall, studies have not
stratified fracture patterns by BMI, which could be an area of future research.

7.2 Perioperative challenges

Obese patients present unique challenges in diagnosing pelvic ring and acetabular
fractures due to limitations in imaging. Excessive soft tissue often obscures bony
landmarks on standard X-rays, and obesity-related limitations, such as weight
restrictions and small gantry sizes, prevent some patients from obtaining high-
quality CT imaging [139]. Specialized imaging (truncated scout images, openMRI) is
recommended to improve diagnostic clarity in obese patients and avoid delays in
pelvic fracture management [140].

Surgical management of pelvic ring and acetabular fractures in obese patients is
technically demanding due to patient positioning, exposure difficulties, and
intraoperative imaging challenges. Obesity can complicate anesthetic management
and head and neck positioning, increasing risks such as cardiorespiratory
compromise and pressure-related injuries. The lateral decubitus position is often
preferable to prone positioning for acetabular fractures in obese patients to optimize
diaphragmatic movement and reduce abdominal pressure. However, additional
measures, such as extensive padding and special supports, are often needed to
prevent complications. Surgeons must employ techniques such as panniculus taping
and adjunctive fixation methods to enhance exposure and fixation in obese patients.

Operative times and intraoperative blood loss are significantly increased in obese
patients undergoing pelvic and acetabular fracture surgery [141–143]. Surgical
exposure is more challenging due to substantial adipose tissue in the abdominal and
gluteal regions, often necessitating longer incisions and deeper retractors [144].
Fluoroscopy imaging is less effective because scatter can obscure details, prompting
reliance on tactile feedback, direct visualization, or intraoperative CT, despite
logistical complexities.

Fixation constructs for pelvic and acetabular fractures in obese patients must
address higher mechanical loads due to increased body weight, as obesity subjects
pelvic fixation to abnormal loading forces, raising concerns for hardware failure
[144, 145]. Surgeons often employ more robust fixation methods, such as additional
sacroiliac screws, supplemental iliosacral bars, or larger-diameter screws. Buttress
plates used for acetabular fractures may also be augmented with additional screws
and thicker plates, and early weight-bearing may be recommended only after solid
fixation is confirmed [146]. Despite these precautions, obese patients experience
higher rates of fracture reduction loss, occurring in approximately 31% of cases
compared to 6% in non-obese patients [147]. Adjunctive fixation and intraoperative
stress tests can help address this issue. Percutaneous fixation techniques can reduce
the rates of wound complications compared to open surgery but are technically
challenging due to the difficulty of achieving clear X-ray images, accurate
reductions, and implant placement through thick soft-tissue envelopes, with body
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mass being a significant risk factor for screw malposition during percutaneous
sacroiliac fixation. External fixation alone often fails to adequately reduce pelvic ring
fractures in obese patients; therefore, it is recommended to combine external
fixation with internal fixation in select cases to enhance stability [145, 148].

7.3 Postoperative complications

Obese patients undergoing pelvic and acetabular fracture surgery face
significantly higher postoperative complication rates compared to their non-obese
counterparts [146]. Specifically, obese patients have nearly sevenfold increased
odds of early complications requiring reoperation, with notably frequent deep
wound infections; morbid obesity increases deep infection risk fivefold after
acetabular fracture fixation [141]. Central adiposity, measured by WtHR or
muscle-to-adipose ratio, independently predicts wound complications beyond BMI
alone [149, 150]. Wound issues typically present as delayed healing, dehiscence, or
infection, often requiring aggressive interventions such as surgical debridement or
implant removal. Practical strategies to mitigate these risks include multilayered
closures, strict glycemic control, and prophylactic negative-pressure wound
therapy [145, 146].

Beyond wound complications, obese patients also experience significantly
increased rates of systemic complications postoperatively. DVT is 2.6 times more
common in obese acetabular fracture patients, and morbidly obese pelvic fracture
patients face heightened risks of pneumonia, prolonged ventilatory support, and
respiratory issues such as atelectasis or acute respiratory distress syndrome [146,
151–153]. Pressure ulcers are also notably more prevalent. Complication rates
correlate with increasing BMI: patients with class I/II obesity exhibit about a 10%
complication rate, whereas morbidly obese patients experience rates around 22%,
significantly higher than non-obese patients (5.7%) [153]. Obesity negatively
impacts long-term recovery, with obese patients exhibiting poorer functional
outcomes, higher rates of heterotopic ossification, chronic pain, andmobility deficits
at 1–2 years postoperatively [141]. Additionally, obese patients typically have more
extended hospital stays and more frequently require discharge to rehabilitation or
skilled nursing facilities, underscoring the necessity of proactive complication
prevention strategies and the significant healthcare resource implications associated
with managing obesity in this patient population [141].

8. Conclusion

Obesity substantially impacts orthopaedic trauma care, influencing fracture
incidence, complexity, perioperative challenges, and postoperative outcomes across
various anatomical regions. Elevated BMI, particularly central adiposity, increases
risks for severe fractures, surgical complications such as infections, nonunion,
thromboembolic events, and prolonged recovery periods. Despite these challenges,
individualized perioperative planning, meticulous surgical techniques, and vigilant
postoperative management can mitigate obesity-related complications and improve
outcomes. Future research is needed to define obesity-related thresholds that clearly
predict adverse outcomes and to establish optimal surgical and rehabilitative
strategies tailored to this growing patient population.
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Chapter 10

The Influence of BMI and Other
Measures of Adiposity on Risks
and Outcomes in Total Joint
Arthroplasty
Lachlan F. Anderson, McKenna W. Box, Andrew Chambers,
Michael Muncy and John T. Riehl

Abstract

Body mass index (BMI) influences perioperative risk and outcomes in total joint
arthroplasty. As obesity rates rise, surgeons must consider the impact of BMI on
patient selection, surgical planning, and postoperative care. High BMI increases the
risk of infection, wound issues, venous thromboembolism, prosthetic joint infection,
surgical time, blood loss, and technical challenges. Evidence shows that, with proper
perioperative strategies such as nutritional optimization, glycemic control, and
enhanced recovery, acceptable results are achievable across a wide range of BMIs.
This chapter reviews the role of BMI in preoperative, intraoperative, and
postoperative management, emphasizing a risk-stratified and individualized
approach to improve outcomes and reduce complications.

Keywords: total joint arthroplasty, surgical complications, postoperative outcomes,
obesitybodymass index, total knee arthroplasty, total hip arthroplasty, total shoulder
arthroplasty, total elbow arthroplasty, total ankle arthroplasty

1. Introduction

Obesity poses considerable challenges for orthopedic practice. Defined as excess
adipose tissue that impairs health, obesity is classified by the World Health
Organization (WHO) as a bodymass index (BMI) of 30 kg/m2 or greater [1]. By 2025,
an estimated 2.6 billion adults worldwide will meet the criteria for overweight or
obesity, continuing the dramatic rise since 1990 [2]. Over half of patients undergoing
total knee arthroplasty (TKA) in the United States are obese, underscoring the direct
correlation between obesity prevalence and total joint arthroplasty (TJA) [3].

Despite its widespread adoption, BMI fails to differentiate between fat and lean
muscle mass, resulting in limitations to BMI as a measure for obesity. Muscular
individuals, such as athletes, may exhibit a high BMI without an excess of body fat
[4]. Conversely, individuals classified as having a normal BMI may possess
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considerable visceral fat, a condition referred to as metabolically obese, normal
weight. Central (visceral) adiposity significantly increases cardiometabolic risks in
comparison to peripheral (subcutaneous) fat [5]. Individuals with identical BMI
values may exhibit markedly different risk profiles depending on the location of their
body fat, which can influence perioperative risks due to conditions such as insulin
resistance, dyslipidemia, and systemic inflammation [6]. Recent dual-energy Xray
absorptiometry (DEXA) studies have revealed that, while only 36% of individuals
met the criteria for obesity based on BMI, 74% were classified as obese according to
DEXA-measured body fat percentage [6, 7]. Consequently, current guidelines from
the American Heart Association recommend measuring waist circumference in
conjunction with BMI to enhance risk stratification [5, 8].

In orthopedics, obesity contributes to joint pathology both biomechanically and
systemically. Obesity magnifies mechanical strain on musculoskeletal structures.
Excess weight intensifies forces across weight-bearing joints, such as the knees and
hips, significantly increasing the risk of osteoarthritis (OA) [9]. Altered gait
mechanics frequently accompany obesity, characterized by slower velocity, shorter
stride length, wider stance, and abnormal foot biomechanics, which cumulatively
exacerbate joint degeneration and increase the risk of injury [10–12].

On the cellular level, obesity has a significant impact through chronic systemic
inflammation and the development of metabolic syndrome. Adipose tissue in obesity
secretes inflammatory cytokines (e.g., TNF-α, IL-6) and alters adipokine levels
(increased leptin, decreased adiponectin), thereby creating a persistent
inflammatory state [13]. These metabolic disturbances increase bone resorption and
bone marrow adiposity, manifesting as delayed bone healing and accelerated
progression of OA [14–17]. Paradoxically, obesity increases bone mineral density in
weight-bearing regions, particularly at the hip, spine, and tibia, due to increased
mechanical loading [18].

While these biological, biomechanical, and systemic effects underscore the
complexity of treating patients with obesity, an additional layer of complexity arises in
surgical decision-making. The use of strict BMI thresholds for TJA candidacy remains
controversial [19]. Critics argue that such limits may oversimplify risk assessment and
fail to reflect the nuanced needs of individual patients. Recent literature has
highlighted the importance of shared decision-making, patient-centered risk
discussions, and the ethical considerations of beneficence, non-maleficence,
autonomy, and justice when determining surgical eligibility [19].

Overall, an obese patient presents a complex risk profile and a higher propensity
for OA, while also presenting a higher perioperative risk when surgical treatment
is pursued. This chapter will explore the multifaceted impacts of BMI on TJA
outcomes and outline strategies to optimize care for patients across the BMI
spectrum.

2. Total knee arthroplasty

2.1 Preoperative risk assessment and optimization

Obesity is a key consideration in the preoperative evaluation for primary TKA.
Obesity itself is not a contraindication for surgery, but patients with a BMI ≥ 40
(morbidly obese) or ≥ 50 (super-obese) have almost double the complication rates of
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those with BMIs under 40 [20–23]. Nevertheless, TKA remains highly effective in
obese individuals, with numerous studies reporting comparable pain relief and
functional gain in obese patients compared to non-obese patients [21, 23, 24]. In fact,
because obese patients often start with worse function, their absolute improvement
can be as significant or greater [25]. Current guidelines (AAOS, AAHKS/ACR 2023)
state that BMI alone should not be used to deny TKA [26–28]. Rather than strict
cutoffs, the emphasis is on optimization. The American Academy of Orthopaedic
Surgeons (AAOS) suggests that while a BMI < 40 kg/m2 is ideal for elective TKA,
patients above this threshold can proceed with surgery after individualized risk
reduction. In practice, many surgeons impose BMI thresholds (often around 40) for
safety or resource reasons, but this practice remains controversial. Data show such
thresholds can limit access without markedly improving outcomes [29].

Growing interest in glucagon-like peptide-1 receptor agonists (GLP-1RA) for
weight loss could offer an effective way to optimize patient care preoperatively.
Aminimum of threemonths of preoperative GLP-1RA exposure appears sufficient to
confer these benefits, with more prolonged exposure not showing additional risk
reduction [30]. GLP-1RAs are associated with a reduced risk of periprosthetic joint
infection, lower rates of postoperative medical complications, and decreased
readmissions, particularly in individuals with morbid obesity (BMI ≥ 40 kg/m2)
[31–33]. With this in mind, the current American Society of Anesthesiologists (ASA)
guidelines recommend a nuanced approach to managing GLP-1RA perioperatively in
elective surgery based on patient risk assessment for aspiration (Figure 1) [34].

2.2 Intraoperative considerations

Studies show that with proper technique, proper component alignment can be
achieved in morbidly obese TKA patients, and the use of modern instrumentation or
computer navigation can help avoid outliers [35]. Nonetheless, the mechanical loads
present in obese patients on the implant increase the risk of loosening and
mechanical failure over time [36, 37]. Recent data indicate that even minor
alignment deviations (like residual varus) in obese patients can predispose them to
early revision [38]. Additionally, cementless fixation is suitable for obese patients
when optimized through the use of newer porous baseplates, which provide
improved load distribution [36, 39]. The AAOS Surgical Management of
Osteoarthritis of the Knee guideline notes that while obesity poses technical
challenges, BMI alone does not necessitate stemmed or constrained implants purely
due to weight, nor does it justify the routine use of navigation or patient-specific
guides over standard techniques [26]. Advanced technologies (navigation, patient-
specific guides, robotics) may assist in complex cases but have not shown superior
outcomes specifically for obese patients on a broad scale [26]. The key is meticulous
execution of whichever technique is chosen.

Morbidly obese patients typically have longer operating room (OR) times for
TKA (15–30minutes longer) due to the technical complexity added by patient
corpulence [40]. This prolonged exposure can increase the risk of infection, so
minimizing delays is crucial [41]. Despite these longer operative times, higher
estimated blood loss (EBL) transfusion rates are paradoxically lower in obese
patients, possibly due to greater total blood volume and higher preoperative
hemoglobin levels [42, 43]. Blood loss management strategies, such as the use of
tranexamic acid (TXA), are equally effective across BMI categories [44]. TXA is
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strongly recommended to reduce blood loss and the need for transfusion across all
BMI ranges, supported by high-quality evidence [44].

2.3 Postoperative outcomes

Obesity markedly increases the risk of periprosthetic joint infection (PJI) after
TKA. Meta-analyses indicate that patients with a BMI ≥ 30 have roughly 2–3 times
the odds of PJI compared to those with a BMI < 30 [22]. For morbid obesity, the
odds can be 4 × higher, and super-obese patients can have a 21.3% increase in PJI risk
per BMI unit beyond 50 [22, 45, 46]. Mechanisms include reduced antibiotic efficacy
due to greater adipose tissue, impaired wound healing, and prolonged operative
times, which can enhance bacterial exposure [21, 22]. The AAOS PJI guideline
emphasizes that obesity is a moderate risk factor for PJI and recommends weight-
based antibiotic dosing, extended wound surveillance, and early intervention
protocols in high-risk patients [26]. Society guidelines for obese patients undergoing
TKA are presented in Table 1.

Obese patients have increased all-cause five-year revision rates (OR = 1.15; 95%
CI: 1.08–1.24; P < 0.0001) [47]. Studies consistently show that obesity is associated

Figure 1.
Perioperative management of GLP-1RA as per American Society of Anesthesiologists recommendations [6].
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with higher hazard ratios for all-cause revision, particularly for infection and aseptic
loosening [21]. Morbidly obese patients have a significantly higher risk of revision
for loosening (HR = 1.39) and infection (HR = 1.72) compared to non-obese patients
[21]. Morbidly obese patients also demonstrate higher rates of repeat revision, with
loosening and instability being the most common causes [21].

2.4 Other measures of adiposity

For TKA, evidence consistently shows that local measures of knee adiposity
outperform BMI in predicting infection and wound complications. Radiographic
indices, such as the prepatellar fat thickness ratio and anterior soft-tissue depth, are
independent predictors of PJI and wound breakdown [48, 49]. In contrast, BMI often
loses significance once these measures are included. Increased visceral adiposity on
CT is also linked to very high odds of PJI, and waist circumference better predicts
severe medical complications than BMI class [50]. Additionally, sarcopenia and
sarcopenic obesity confer higher risks of medical and mechanical complications [51].
These findings emphasize that fat distribution, sarcopenia, and central adiposity
provide improved perioperative risk stratification for TKA compared to BMI [50].

3. Total hip arthroplasty

3.1 Preoperative risk assessment and optimization

Obesity plays a significant role in total hip arthroplasty (THA). Extensive data
confirm that obese patients derive substantial improvements in pain and function
from THA, similar to other patients, but morbid obesity is associated with markedly
higher complication rates [47, 52, 53]. Super obesity (BMI ≥ 50) is often considered
a relative contraindication due to almost three times higher rates of PJI, revision

Recommendation Society

No difference in postoperative functional outcomes between non-obese
(BMI < 30) and obese patients (BMI 30–39.9) undergoing TKA/THA. There may
be an increased risk of complications in morbidly obese patients (BMI ≥ 40),
particularly surgical site infections.

2022 AAOS CPG [26]

Patients with a BMI ≥ 40 have an increased perioperative risk. However, do not
delay TKA solely to achieve weight loss or a target BMI. No rigid BMI cutoff
should prohibit surgery, although weight loss is encouraged.

2023 ACR and AAHKS
Guideline [27]

An accepted threshold for elective THA/TKA is BMI < 40 for patient safety. AAOS (Quality Toolkit)
[85]

Limited evidence suggests that elevated BMI may increase the risk of adverse
events in patients undergoing THA for symptomatic hip OA.

2023AAOS CPG [86]

Limited evidence suggests that patients with elevated BMI and symptomatic OA
of the hip may achieve lower absolute patient-reported outcome scores but
experience a similar degree of improvement in patient satisfaction, pain,
function, and quality of life after THA.

2023 AAOS CPG [86]

Table 1.
Society recommendations for TKA and THA in obese patients.
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surgery, and healthcare utilization [52, 54]. Extremely low BMI (<18.5) also poses
unique risks, such as increased rates of prosthetic loosening, dislocation, and
periprosthetic fractures [55]. Despite this, morbidly obese patients (BMI ≥ 40) have
been shown to possess the lowest preoperative function scores but exhibit the
greatest improvement in perceived function postoperatively, highlighting the
benefits of THA despite the potentially increased risk of complications [56].

Preoperative multidisciplinary weight-loss programs, including bariatric surgery
in some studies, have been shown to significantly reduce perioperative
complications. However, they do not completely mitigate longer-term risks such as
revision or aseptic loosening [57, 58]. Emphasizing metabolic optimization and
targeted weight reduction in high-risk THA candidates is recommended and
essential for improving perioperative safety and long-term outcomes [54, 59, 60].
GLP-1RAs do not increase the risk of postoperative complications after THA in obese
patients and may be associated with comparable or improved infection and
readmission rates [61–63]. However, the benefits in non-diabetic obese patients are
less pronounced in THA than in TKA.

3.2 Intraoperative considerations

Obesity increases intraoperative complexity during THA. Higher BMI is
associated with increased difficulty in achieving optimal exposure, retractor
placement, and precise component positioning, which can contribute to elevated
risks of malpositioning and early loosening of prostheses, particularly in patients
with morbid obesity [64, 65]. Obesity also has a negative impact on achieving
adequate leg length [66]. The use of larger, high-offset femoral stems and acetabular
components is recommended to restore biomechanics and accommodate increased
soft tissue and mechanical loads [67]. Using a ceramic femoral head with a highly
cross-linked polyethylene liner is considered the most durable option for obese
patients [68]. Elevated BMI is also associated with prolonged operative times,
increased intraoperative blood loss, and higher transfusion requirements [69]. These
intraoperative challenges further amplify the risks of infection and postoperative
complications and should be considered during operative planning [70, 71]. Referral
to high-volume surgeons and specialized centers may mitigate some risks [72, 73].

3.3 Postoperative outcomes

The most consistently elevated risks after THA in obesity include PJI, wound
complications, early dislocation, thromboembolic events, reoperation, revision
surgery, and hospital readmission [74]. Surgical complications begin to significantly
increase above a BMI of 32 kg/m2. The risk of PJI rises exponentially above a BMI
threshold of 37 kg/m2, with morbid obesity resulting in a fourfold increased PJI risk
compared to non-obese individuals [74, 75]. Super obese (BMI ≥ 50) patients also
experience notably higher incidences of dislocations, aseptic loosening, and revisions
within both short- and long-term follow-up periods [64, 76]. There is also a stepwise
increase in medical complications [77]. Revision THA outcomes deteriorate
significantly as BMI surpasses 35, with failure rates approximately doubling
compared to less obese individuals [64, 78]. A low BMI also correlates with increased
revision and periprosthetic fracture rates, underscoring the importance of optimal
patient selection across the entire BMI spectrum [54]. Despite these risks, functional
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improvement after THA is still observed in obese patients, though the absolute
functional scores may be slightly lower. Society recommendations for patients
undergoing THA are similar to those for TKA. Both are presented in Table 1.

3.4 Other measures of adiposity

In THA, local fat accumulation and distribution predict complications more
effectively than BMI alone [79]. Percent body fat is associated with higher rates of
medical and surgical complications, lower activity scores, and increased pain after
THA [80]. In contrast, BMI does not reliably predict these functional outcomes or
risks [80]. Posterior hip surgical site fat thickness is a stronger predictor of
postoperative wound complications and reoperations than BMI, with thresholds of
approximately 50–65mm linked to increased risk of infection [81]. BMI has only
a moderate correlation with peri-incisional adiposity and may not accurately reflect
the distribution or magnitude of adipose tissue relevant to surgical risk [82].
Abdominal CT studies indicate that visceral fat area strongly predicts periprosthetic
joint infections. In contrast, intermuscular fat in the thigh independently doubles the
risk of major complications, such as dislocation and aseptic loosening [83, 84].

4. Total shoulder arthroplasty

4.1 Preoperative optimization

Managing obese patients undergoing total shoulder arthroplasty (TSA) (both
anatomic total shoulder arthroplasty (aTSA) and reverse total shoulder arthroplasty
(rTSA)) warrants a tailored evaluation and optimization plan. High BMI has been
linked to higher postoperative complications, yet the vast majority of obese patients
still achieve significant pain relief and functional improvement [87, 88].
Optimization strategies include multidisciplinary management of comorbidities,
perioperative infection prevention, and patient education regarding the increased
risks associated with these conditions [89]. There is no evidence that mandatory
preoperative weight loss or strict BMI cutoffs improve outcomes. In fact, using BMI
thresholds as exclusion criteria would deny many patients a complication-free and
beneficial procedure [90]. There are still gaps in the evidence, particularly regarding
high-quality, TSA-specific randomized controlled trials on preoperative weight loss
strategies, pharmacological treatments, and bariatric surgery. Therefore, a patient-
centered approach that involves shared decision-making and informed consent is
advised, focusing on individualized risk-benefit evaluations. Society guidelines are
presented in Table 2.

Regarding GLP-1RA, data for TSA are mixed but trend neutral to beneficial
overall. One national-cohort study reported higher 90-day medical complications

Recommendation Source (society)

Obesity does not significantly increase the rate of early (30-day) post-
operative complications after total shoulder arthroplasty.

2020 AAOS CPG [108]
(Glenohumeral Joint OA)

Table 2.
Society recommendations for TSA in obese patients.
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and readmissions with perioperative GLP-1RA use [91]. Several others show no
increase in TSA complications [92, 93]. One study specific to semaglutide shows
lower 90-day adverse event rates [94], while another study found that every
measured complication was reduced in the GLP-1RA cohort in patients undergoing
TSA [94].

4.2 Intraoperative considerations

The intraoperative challenges obesity presents during TSA include exposure
limitations, increased complexity of alignment, and longer operative times.
Specifically, excessive adipose tissue and limited visibility can hinder proper
positioning of the glenoid and humeral components [95]. Notably, one study
paradoxically found less scapular notching in obese rTSA patients, possibly due to
altered biomechanics [95]. This finding may reflect differences in bone positioning
or adapter wear patterns, though additional research is needed. Despite this, a recent
study found no increase in mechanical failure or loosening in obese patients
undergoing TSA during short-term follow-up, suggesting that alignment issues are
manageable and not surgery-limiting in obese individuals [60].

Adiposity also poses technical difficulties due to the thicker subcutaneous tissue,
which increases retraction effort, wound tension, and the potential for
devascularization [96]. The soft-tissue space for humeral exposure is reduced, which
can increase surgical complexity and potentially prolong the surgery [95].
Additionally, operative time is consistently prolonged in obese TSA patients by 15–
45minutes [87, 88]. Blood loss may be higher; however, multiple reports indicate no
increase in transfusion rates when TXA is used, suggesting that blood-sparing
protocols are effective in this population [95, 97, 98].

4.3 Postoperative complications

Obese patients undergoing TSA have been shown to have higher rates of
postoperative infection, including both superficial and deep PJI, as well as an
increased risk of medical complications compared to non-obese patients [89, 99,
100]. Obesity is also associated with elevated odds of dislocation (OR 2.5),
periprosthetic fracture (OR 1.9), and revision surgery (OR 1.5) after TSA [101].
However, other studies have shown that when controlling for comorbidities, obesity
is not an independent risk factor for long-term mechanical complications or
revision at 2–5 years [89, 100]. In rTSA, higher BMI is specifically linked to an
increased risk of deep infection at three years, while in aTSA, higher BMI is
marginally associated with increased 90-day readmission [102]. TSA also
demonstrates an “obesity paradox.” Underweight patients have the highest risk of
30-day medical complications, and those with a BMI of 30–35 kg/m2 have the lowest
risk [103–105].

Despite these risks, both obese and non-obese patients experience substantial
improvements in pain, function, and range of motion after aTSA and rTSA. For
rTSA, obese patients with rotator cuff arthropathy or fracture achieve similar
functional scores and implant survival as non-obese patients. However, they may
have a slightly lower postoperative range of motion, particularly in forward flexion
and internal rotation [106]. This reduction in mobility does not translate into
clinically meaningful differences in overall function or satisfaction [106]. Long-term
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(10-year) survival after aTSA is up to 93% in obese patients versus 96% in normal-
weight patients (P = 0.753), and after rTSA is 92% versus 95% (P = 0.680),
respectively [104, 105]. No significant differences in all-cause revision, aseptic
loosening, or periprosthetic joint infection are observed between obese and non-
obese patients at 5–10 years when comorbidities are controlled [104].

4.4 Other measures of adiposity

Local subcutaneous fat distribution at the shoulder, specifically increased tissue
depth at the coracoid and bicipital groove, has been shown to correlate with higher
rates of infection, instability, and stress fractures after total shoulder arthroplasty
in obese patients, independent of BMI [107]. This measure is a more accurate
predictor of complications than BMI alone, as it directly reflects the amount of
adipose tissue encountered during surgery and its impact on wound healing and
prosthetic stability.

5. Total ankle arthroplasty

5.1 Preoperative risk assessment and patient selection

Obesity is not a contraindication to total ankle arthroplasty (TAA), and
multiple studies show that obese patients achieve comparable functional gains to
their non-obese counterparts. Bouchard et al. noted similar improvements in pain
and disability scores between obese and non-obese patients (~3.8-year follow-up)
and found no significant differences in complications or revision rates [109].
Likewise, Kim et al. found no increase in short-term complications or failure rates
across BMI categories [110]. However, long-term outcomes suggest diminished
implant survival in obesity. Schipper et al. reported a 2.8-fold increased risk of
implant failure [111], and National Korean health data (n = 2,914) supported this
finding, showing that patients with a BMI ≥ 30 had a 63% increased risk of TAA
failure (aHR 1.63) [112].

5.2 Intraoperative considerations

Obesity complicates surgical exposure due to increased soft-tissue depth, which
can impair visualization and precise component alignment, both of which are critical
for long-term implant survival [113]. While alignment metrics are infrequently
reported by BMI subgroup, registry-reported higher failure rates in obese patients
may reflect suboptimal component positioning over time [112]. Additional adipose
tissue has also been found to increase wound tension and the risk of
dehiscence [114].

Operative times are consistently prolonged by 20–45minutes, elevating the risk
of soft-tissue ischemia and infection [110, 112]. Tourniquet use beyond 90minutes is
particularly concerning in larger limbs. While BMI-specific blood loss data are
limited, prolonged exposure correlates with wound issues, and evidence from other
arthroplasties suggests obesity contributes to higher intraoperative bleeding [115].
Careful preoperative planning, intraoperative imaging, and meticulous soft-tissue
handling are key.
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5.3 Postoperative complications

Short-term outcomes are broadly similar between obese and non-obese TAA
patients [110, 116]. Over longer follow-up, however, obesity is associated with an
increased risk of infection and implant failure. The cumulative risk of implant
failure is higher in obesity. Multiple series show cumulative implant failure odds are
1.5–2.8 × higher in patients with a BMI ≥ 30 kg/m2 [111, 112]. Obesity-related factors,
such as increased skin and wound tension and perfusion deficits, likely contribute.

5.4 Other measures of adiposity

Compared to other total joint arthroplasties, local radiographic measures of
adiposity do not outperform BMI in predicting complications after TAA [117].
Recent evidence indicates that radiographic soft-tissue thickness at the tibia and
talus does not significantly predict PJI or other major complications after TAA [117].
Logistic regression analyses showed no statistically significant link between these
measurements and infection risk. In fact, patients with infections tended to have
slightly lower soft-tissue thickness; however, this difference was neither clinically
nor statistically significant.

6. Total elbow arthroplasty

6.1 Preoperative risk assessment and patient selection

As with the prior TJA procedures described, obesity is not an absolute
contraindication to total elbow arthroplasty (TEA) but likely does increase
perioperative risk. Collinton et al. found that 30-day complication rates were not
associated with BMI in a patient cohort of 615 [118]. At 90 days, however, Werner
et al. reported 2.6 times higher odds of both local complications and 4.4 times higher
odds of systemic complications in obese patients [119]. Longer-term data from
Baghdadi et al. demonstrated 10-year survival rates of 86% in obese patients and 76%
in non-obese patients, with a BMI of 35–40 tripling the risk of revision for any cause
[120]. Common complications include infection, venous thromboembolism,
extensor mechanism dysfunction, and heterotopic ossification [120].

6.2 Intraoperative considerations

Obese patients pose technical difficulties in achieving optimal implant alignment
and fixation due to increased soft tissue bulk and altered biomechanics. The elbow
joint, although non-weight-bearing, is exposed to increased torsional loads in obese
individuals [120, 121]. This elevated mechanical demand can increase stress at the
cement-bone and implant-cement interfaces, potentially accelerating loosening and
wear [120, 122]. Therefore, achieving precise implant positioning using robust
fixation is critical in patients with a higher BMI.

The deep exposure required for TEA may also be compromised by thick adipose
layers, making the visualization and protection of critical structures, such as the
ulnar nerve, more challenging [82]. Excess adipose tissue further complicates
retraction and increases the risk of soft-tissue trauma. Studies indicate that obese
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patients are 5.7% more prone to extensor mechanism dysfunction and up to 10%
more prone to heterotopic ossification compared to non-obese individuals [120].
Operative time, blood loss, and the incidence of intraoperative fracture may be
higher in obese patients as well [123]. Venous thromboembolism was found to be
nearly four times higher in one study of obese TEA patients [122].

6.3 Postoperative complications

Obese patients undergoing TEA face substantially higher risks of infection and
mechanical failure. The 90-day postoperative infection rate was 6.5% in obese
patients (compared to 1.9% in non-obese patients) [122]. Multiple studies further
confirm an elevated rate of mechanical failure in obese TEA patients. Baghdadi
et al. reported that revision for mechanical failure is more common in obese
patients, with a 10-year survival rate of 72% versus 88% in non-obese patients
[120]. Morrey et al. similarly noted that loosening occurred in 26% of morbidly
obese patients compared to 12% in their non-obese counterparts [120].
Periprosthetic fractures were nearly four times more frequent in morbidly obese
patients, while heterotopic ossification and extensor mechanism dysfunction were
also increased [120]. Systemic complications, including pneumonia, acute renal
failure, and cardiovascular events, were observed in 17% of obese patients versus
4% in non-obese patients [119]. Unlike TKA, THA, TSA, and TAA, no validated
measures of local adiposity beyond BMI have been studied in TEA. Evidence is,
therefore, limited to BMI-based analyses.

7. Summary of other measures of adiposity

A summary of the evidence on other measures of adiposity in relation to TJA is
presented in Table 3.

8. Conclusion

BMI remains a valuable yet imperfect tool in assessing surgical risk and guiding
clinical decision-making for patients undergoing TJA. While elevated BMI is
associated with increased mechanical loading, systemic inflammation, and
heightened risk of complications such as infection and delayed healing, the true
impact of adiposity is highly dependent on fat distribution, metabolic health, and
nutritional status. Furthermore, demographic variables such as age, sex, and race can
introduce additional complexity in interpreting BMI and its clinical relevance. To
optimize arthroplasty outcomes, orthopedic surgeons must adopt an individualized,
risk-stratified approach that integrates metabolic profiling, nutritional assessment,
and functional capacity. A shift toward complication-centered obesity classification
and multimodal prehabilitation strategies, including interventions such as weight
management, glycemic control, and physical conditioning, can offer a path
forward in minimizing complications and improving long-term function. Notably,
the advent of GLP-1RA and their potential benefits were highlighted in diabetic
groups in three of the arthroplasty types detailed in this chapter, presenting
a promising mechanism to improve outcomes. Future research specifically looking at
these medications in TJA could provide an effective optimization strategy.
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Ultimately, acknowledging the nuanced interplay between obesity and
musculoskeletal health is essential for delivering high-quality, patient-centered
orthopedic care in an increasingly obese global population. Importantly, rigid BMI
cutoffs may not fully capture patient needs. Incorporating shared decision-making
and ethical considerations ensures that surgical candidacy decisions strike a balance
between risk and individualized potential for benefit, with obesity being only one of
several deciding factors.

Acronyms and abbreviations

AAOS American Academy of Orthopaedic Surgeons
AOS Ankle Osteoarthritis Scale
aTSA anatomic total shoulder arthroplasty

Joint Predictor
(measurement)

Key evidence Comparison to BMI

THA Surgical site fat
thickness ≥ 50–65mm
(radiographs)

Thresholds associated with wound
complications in posterior approach
THA [81].

Outperforms BMI predicts
wound problems, even when
BMI is not elevated.

Visceral fat area (CT) Highest quartile of VFA is strongly
associated with PJI [83].

Better predictor than BMI for
PJI.

Intermuscular fat (CT) Independently doubled the risk of
major complications [84].

Captures muscle quality and fat
infiltration, which BMI misses.

TKA Prepatellar fat thickness
ratio (radiographs)

Independent predictor of PJI [48]. Better predictor than BMI for
PJI.

Anterior/medial soft-
tissue depth (radiographs)

Increased depth correlated with
higher infection and wound compli-
cation risk [49].

Better predictor than BMI for
infection.

Waist circumference Each cm increase is associated with
higher odds of medical complications
[49, 50].

Better predictor than BMI class
in obese patients.

Visceral fat area (CT) Highest quartile has increased odds of
PJI [83].

Better predictor than BMI for
infection.

Sarcopenia/sarcopenic
obesity

Independently associated with longer
stays, higher medical, and implant
complications [51].

Captures muscle quality, which
BMI entirely misses.

TAA Anterior tibial and talar
soft tissue thickness
(radiographs).

Independently predicted wound com-
plications and revision [117, 124].

More reliable than BMI – BMI is
often not associated with
complications.

TSA Subcutaneous fat depth
(coracoid/bicipital
groove)

Independently predicted complica-
tions; BMI not significant [107].

Superior to BMI; captures local
risk BMI cannot.

TEA No validated adiposity
measures beyond BMI
have been studied.

Limited evidence; BMI is linked to
higher medical complications and
revisions [120, 122].

Only BMI data exist.

Table 3.
Summary of other measures of adiposity and outcomes in TJA.
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BMD bone mineral density
BMI body mass index
CPG Clinical Practice Guideline
CRP C-reactive protein
DEXA dual-energy Xray absorptiometry
DVT deep vein thrombosis
EAR early active recovery
EBL estimated blood loss
ERAS enhanced recovery after surgery
ESR erythrocyte sedimentation rate
HbA1c hemoglobin A1c
IL-6 interleukin-6
MONW metabolically obese, normal weight
NPWT negative-pressure wound therapy
OA osteoarthritis
OR operating room
OSA obstructive sleep apnea
PJI periprosthetic joint infection
PROs patient-reported outcomes
rTSA reverse total shoulder arthroplasty
SF-36 Short Form 36 Health Survey
TAA total ankle arthroplasty
TJA total joint arthroplasty
TKA total knee arthroplasty
THA total hip arthroplasty
TNF-α tumor necrosis factor alpha
TSA total shoulder arthroplasty
TXA tranexamic acid
VTE venous thromboembolism
WHO World Health Organization
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Chapter 11

Body Mass Index and Optimizing
Physical Activity Levels in
Rehabilitation Patients
Roxana Nartea and Gavril Gheorghievici

Abstract

Obesity represents a global health issue that leads to long-term repercussions for
all organ systems, thereby causing negative health outcomes, higher healthcare costs,
and disability. Although bariatric surgery and pharmacological treatment remain the
primary courses of action, rehabilitation programs can make a significant
contribution to addressing functional impairment. Optimal rehabilitation programs
require tailored physical exercise prescriptions, adapted environments, and
interdisciplinary coordination. Physical activity remains a central element, with
international guidelines recommending between 150 and 300minutes of moderate-
intensity activity per week. Emerging approaches, such as aquatic therapy for
cardiovascular and metabolic improvement, in combination with nutritional
interventions focusing on macronutrient intake and adequate hydration, need to be
implemented in a personalized plan.

Keywords:weight management, rehabilitation, physical activity, obesity, endurance
training

1. Introduction

Obesity represents a global health issue that determines long-term repercussions
for all organ systems, thus leading to negative health outcomes, higher healthcare
costs, and disability. Over the last decade, bariatric surgery has been viewed as an
efficient intervention for patients with severe obesity. At the same time, the ongoing
development of pharmaceuticals can help close the gap between surgical treatment
and lifestyle changes. These new drugs can contribute to an increase in the
therapeutic range and offer further treatment options for these patients. This is why
the increasing prevalence of obesity requires rapid and coordinated planning by all
healthcare specialists. Physicians in rehabilitation medicine are often at the forefront
of managing the functional impairments associated with obesity. Patients frequently
present with reduced exercise tolerance, compromised respiratory capacity, pain,
diminished strength and balance, and an elevated risk of falls – factors that
independently contribute to disability. Furthermore, obesity exacerbates a range of
comorbid conditions, including type 2 diabetes, cardiovascular disease, nonalcoholic
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fatty liver disease (NAFLD), sarcopenia, sleep apnea, and dermatological disorders,
all of which further impair independence and quality of life.

Despite these challenges, the impact of obesity on rehabilitation outcomes is
frequently overlooked. Many rehabilitation facilities, optimized for normal-weight
populations, remain structurally, organizationally, and technologically ill-prepared
to meet the complex needs of individuals with severe obesity. This mismatch
compromises care quality and patient safety. Compounding this issue, the number of
obese individuals requiring postacute rehabilitation continues to rise, underscoring
the urgency of specialized care.

Effective rehabilitation for this population requires comprehensive assessment
and individualized protocols, delivered by professionals trained in obesity-specific
considerations. Care must be provided in ergonomically adapted environments that
ensure safety while promoting functional recovery. Addressing these gaps is
essential to improve outcomes, reduce disability, and ultimately mitigate the
growing burden of obesity within healthcare systems worldwide.

2. Optimal level of physical activity

2.1 What does “optimal physical activity” mean?

For adults, “optimal” physical activity (PA) is the weekly dose shown to yield
substantial health benefits (lower cardiometabolic risk, better function, reduced
mortality) with acceptable risk and high feasibility. Current international guidelines
converge on 150–300minutes per week of moderate-intensity aerobic activity
(or 75–150minutes per week of vigorous activity), ideally spread across the week,
plus muscle-strengthening activities on ≥2 days per week. More activity confers
additional benefits; older adults should add balance training. For weight-loss
maintenance and greater cardiometabolic benefits, totals toward the upper end
(≥300min/week) are advantageous [1].

2.2 How to quantify “dose”

There are various compatible approaches to calculate PA dose:

a) Minutes at a given intensity

● Moderate intensity: breathing faster but able to talk (not sing).

● Vigorous intensity: only a few words before pausing for breath [2].

b) MET-minutes (energy cost)

1MET ≈ resting energy use; moderate = 3.0–5.9 METs, vigorous ≥6 METs.

● Weekly 500–1,000MET-min corresponds roughly to guideline targets
(e.g., 150min at ~ 4METs = 600MET-min). Use the Compendium of
Physical Activities to look up MET values (e.g., brisk walking ~ 3.5–4.5
METs, cycling ~4–8 METs) [3].
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c) Heart-rate–based zones

● Percentage heart-rate reserve (HRR; Karvonen): target HR = ([HR_max −
HR_rest] × %intensity) + HR_rest. Moderate ≈ 40–59% HRR; vigorous ≈
60–89% HRR. Use age-predicted HR_max (e.g., 208 − 0.7 × age) or, ideally,
measured values [4].

d) Perceived exertion (RPE, Borg 6–20)

● Light ≤; intermediate 12–14; intense 15–17 – can be of use when on rate-
limiting medication (e.g., β-blockers) [5].

e) Steps/day

● New research data express the fact that the therapeutic benefit starts well
below 10,000 steps. Risk reductions are obvious between 6000 and 9000
steps/day in age-dependent patients. It is necessary to concentrate on
increasing the baseline [6].

2.3 Adaptation of physical exercise for adults with obesity

Main principles

● Begin at a slow intensity (increase by 5–10% weekly)

● Focus on joint-sparing modes (cycling, walking on soft surfaces, deep-water
running) and then associate combinations between them.

● Combine aerobic + resistance training (≥2 days/week, 1–3 sets, 8–12 reps for
major muscle groups) to preserve or augment lean mass, glycemic control, and
function.

● Include balance and mobility work, especially for individuals with fall risk or
osteoarthritis (OA) [7].

2.3.1 Aerobic dose for weight and metabolic health

For weight loss and long-term weight-loss maintenance, accumulating ≥200–300
minutes per week of moderate physical activity (or equivalent) is supported;
combine this with nutrition therapy for clinically meaningful weight reduction [8].

2.3.2 Strength training specifics

Two to three nonconsecutive days/week; emphasize multijoint movements
(sit-to-stand/squats to a box, step-ups, rowing/pulling, presses), tempo control, and
machines/cables for stability. Progress resistance when two to three extra reps are
possible above the target range [9].
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2.3.3 If a musculoskeletal condition or pain is present

Prefer low-impact modes; use graded exposure (shorter bouts, more frequent
rests), assistive devices, and appropriate footwear. For knee/hip OA, combine
aerobic, strengthening, and neuromotor/balance exercises; walking aids and home/
work adaptations can reduce pain and enable adherence [7].

2.3.4 If using antiobesity medications (AOMs) or postbariatric

Maintain exercise for independent health benefits (fitness, glycemic control,
bone/muscle). Emphasize resistance training to counter fat-free mass (FFM) loss
during rapid weight reduction; coach expectations away from “calorie-burn only”
toward function and well-being. Coordinate with the prescribing team for GI
symptom days and hydration/electrolytes [10].

2.3.5 Environment and safety

Use properly rated equipment (benches, treads, bikes, plinths), safe patient-
handling aids, and more expansive spaces for transfers when available – key in rehab
or clinical gyms. Screen for sleep apnea, cardiovascular disease, diabetes
complications, and heat sensitivity; prefer RPE or talk test when HR is
unreliable [11].

2.4 Putting it together: A practical framework

Assess: medical clearance as indicated; resting HR and BP; mobility, pain,
balance; baseline steps; goals that matter (function, stamina, glucose control,
mood) [8].

Prescribe (initial 4–6weeks):

● Aerobic: 3–5 days/week, 20–40min/bout (can be 10-min blocks), RPE 12–13
(or 40–59% HRR). Choose joint-sparing modes.

● Steps: find baseline (e.g., 4,000/day) and add + 500–1,000 steps/day every 1–2
weeks toward 6,000–9,000 +.

● Strength: 2–3 days/week, full-body, 1–2 sets × 8–12 reps, RPE 13–15 by last reps;
emphasize technique, use machines if balance is limited.

● Balance/mobility: 10–15 minutes/session (e.g., tandem stance, sit-to-stand,
ankle/hip mobility).

Progress (weeks 6–12):

● Build toward ≥ 150–300min/week of moderate activity (or equivalents), then –
if weight-loss maintenance is a priority – aim for ≥200–300min/week. Add
intervals (e.g., 1–3minutes at RPE 14–16, with equal easy recovery) if joint-
tolerant. Increase strength training to 2–3 sets, include hip/knee extensors, and
place emphasis on pulling [12].
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Monitor and adapt:

● Use RPE and the talk test day-to-day; adjust for pain flares, illness, and medi-
cation changes. Protect skin (friction/moisture), hydrate, and favor cooler
environments if heat-intolerant. If persistent pain or swelling occurs more than
24–48 hours after a session, reduce the next dose by ~ 10–20%.

2.5 Key takeaways

● “Optimal” for most adults = 150–300min/week moderate (or 75–150 vigorous)
+ strength ≥2 days/week; ≥300min/week and regular resistance training are
especially valuable for people with obesity, particularly for weight-loss main-
tenance and function [9, 12].

● Quantify dose via minutes, MET-minutes, HRR, RPE, or steps – choose the
method that best fits the person and context [3, 6].

● Adaptation matters: joint-sparing modes, gradual progression, resistance train-
ing to preserve lean mass, balance work, and attention to equipment and safety
yield better adherence and outcomes.

3. Endurance training modalities: Evidence and perspectives

Endurance training has evolved over the years. Stepping away from the classic
long-slow distance (LSD) paradigm, this type of training combines high-intensity
interval formats with structured intensity distributions and data-guided
personalization. In this section, we analyze the most recent evidence regarding
primary modalities – moderate-intensity continuous training (MICT), high-
intensity interval training (HIIT), sprint-interval training (SIT), and emerging
distribution models (pyramidal, polarized, threshold, and lactate-guided) – and
determine the practical implications and future directions regarding health and
performance.

3.1 MICT and HIIT: Complementary, not competing

Large comparative syntheses show that both MICT (typically 40–70% of
VO2max for ≥20–30 min) and HIIT (repeated bouts at ~ 85–100% VO2max
interspersed with recovery) improve cardiorespiratory fitness (CRF) and
cardiometabolic health. Across adults, HIIT tends to produce equal or greater
gains in VO2max and vascular function with smaller time commitments. At the
same time, MICT remains effective and highly tolerable – particularly valuable
for building aerobic base, durability, and adherence. In cardiovascular and
metabolic populations, several recent meta-analyses suggest HIIT is at least as
safe as MICT under supervision and often superior for CRF and selected risk
factors. Together, these data support a “both-and” approach in which HIIT
augments, rather than replaces, continuous training [13].
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3.2 Low-volume HIIT and SIT: Time-efficiency with caveats

Low-volume HIIT (LV-HIIT; ≤5 minutes of work above vigorous intensity
per session) and SIT (supramaximal ~ 20–30-second “all-out” efforts) have
attracted interest as time-efficient strategies. Meta-analyses indicate LV-HIIT
meaningfully improves CRF and blood pressure, and SIT can enhance
performance in trained athletes over four to eight weeks. However, heterogeneity
is high, effect sizes are sensitive to study design, and some reviews caution
against overinterpreting small trials. In practice, LV-HIIT or SIT blocks can
be potent “spices” in a broader plan, especially when logistics limit volume.
Still, they should be dosed judiciously for musculoskeletal tolerance and
recovery [14].

3.3 Molecular adaptations: Intensity and volume both matter

At the cellular level, endurance work upregulates mitochondrial biogenesis
and angiogenesis via pathways centered on PGC-1α. Recent human data suggest both
interval and continuous modalities stimulate these adaptations; high-intensity
efforts robustly activate acute signaling, while accumulated volume supports
sustained remodeling of mitochondrial content and capillarity. This helps explain
why mixed programs – adequate volume of low-to-moderate work plus a judicious
dose of high intensity – reliably raise VO2max and endurance economy [15–17].

3.4 Training-intensity distribution (TID): Polarized, pyramidal, threshold

How best to allocate time across easy, moderate/threshold, and hard zones
remains debated. Short-term interventions (≤12 weeks) often find polarized
distributions (high volume at low intensity with a small but distinct high-intensity
dose) yield larger VO2peak gains than alternative models. However, superiority for
other performance surrogates (e.g., time-trial, lactate thresholds) is inconsistent.
Over longer interventions, differences between distributions tend to converge, and
individual context – event demands, training age, injury risk – matters. Pyramidal
models (mostly low, somemoderate, a few high) are common in successful programs
and may be functionally similar across seasons. Meanwhile, threshold-heavy
approaches can work for some athletes but risk accumulating fatigue if not
periodized. Altogether, data from the literature supports low-intensity volume with
targeted high-intensity “peaks” which allows the midzone to expand or contract
depending on needs and response [18, 19].

3.5 Lactate-guided threshold interval training (LGTIT): A pragmatic delivery

A notable development is the incorporation of lactate-guided threshold intervals
within a high-volume, low-intensity background, mirroring practices employed by
some world-class runners. By titrating work to a lactate “ceiling” (often ~2–3
mmol·L⁻1), LGTIT aims to accumulate large quantities of high-aerobic work without
incurring undue autonomic or neuromuscular strain. Although the literature is early
and primarily descriptive, it offers a physiologically coherent method for increasing
quality volume in athletes who tolerate higher workloads [20].
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3.6 Durability: Beyond peak tests

Traditional profiling emphasizes VO2max and fresh-state thresholds, but the
durability construct – resilience of physiological variables over prolonged
efforts – has gained traction. Recent studies show that both low- and high-
intensity training can improve durability (delaying the drift in heart rate, oxygen
cost, and lactate at given workloads), which likely mediates late-race
performance. Practically, building durability argues for substantial,
easy-to-moderate volume, strategic fueling, and periodic long sessions that create
fatigue-resistant adaptations [21].

3.7 Personalization: HRV-guided loading and wearables

Another trend is day-to-day heart-rate variability (HRV)-guided programming,
which adjusts intensity based on autonomic recovery. RCTs in athlete runners have
evidenced that HRV-guided groups can match or even outperform fixed plans for
improving VO2max, while at the same time particularizing the evolution of easy vs.
hard days and therefore potentially reducing nonfunctional fatigue. Although
methods and data present variations across different studies, HRV guidance
represents a reasonable instrument for modulating load in high-stress contexts. The
provided determinations are standardized, and the interpretation is made in
a conservative manner [22].

3.8 Clinical and aging populations: Translating performance science to health

In people with overweight/obesity and older adults, both MICT and HIIT
improve CRF, glycemic control, and functional capacity. Recent meta-analyses
indicate that HIIT can be particularly efficient for raising VO2peak and walking
endurance in older adults and can outperform MICT for CRF in overweight
populations, with careful screening and supervision. For routine care, blending
modalities – progressive MICT to build base and tolerance, plus small amounts
of intervals tailored to joint health and confidence – maximizes adherence and
safety [23, 24].

3.9 Programming implications

For most endurance goals, focus on three pillars:

● Volume at low intensity to enhance durability, peripheral adaptations, and
technical economy.

● Targeted intensity (HIIT or longer threshold work) to raise VO2max stroke
volume, and glycolytic/oxidative interplay.

● Intelligent distribution – often polarized or pyramidal over a season – is shaped
by constraints (time, injury history), event specificity, and responsiveness
(e.g., via HRV, session RPE, or lactate checks). Periodize across mesocycles:
build extensive capacity, layer intensity, then sharpen race-specific tolerance;
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interleave recovery microcycles to manage autonomic and musculoskeletal
load [13].

3.10 Unresolved questions and future directions

First, who benefits most from polarized versus pyramidal versus threshold-heavy
models remains unsettled; head-to-head trials with adequate duration and
standardized metrics are needed. Second, the dose-response of LV-HIIT and SIT
beyond six to eight weeks – and their long-term injury and adherence profiles –
requires clarification. Third, integrating molecular markers (e.g., PGC-1α
expression, citrate synthase activity) with field performance may improve
individualization, but translating lab signals into weekly prescriptions is nascent.
Lastly, broader adoption of durability-focused testing (late-exercise thresholds,
critical speed/power drift) may yield programs that better reflect real-world racing
and long-duration work [15, 21, 25].

3.11 Conclusion

The last decade has reframed endurance training as a palette rather than a single
color. MICT builds foundational capacity; HIIT and SIT deliver potent stimuli when
time or performance ceilings demand; and contemporary distribution models and
guidance tools refine how we sequence and dose these elements. The clearest
throughline is not the supremacy of any one modality, but the strategic combination
of volume and intensity – tuned to the athlete or patient, the event or health target,
and the response observed week by week. As evidence accumulates, an agile, data-
informed blending of modalities appears to be the most reliable path to durable
fitness, robust performance, and cardiometabolic resilience [18, 26].

4. Latest techniques

4.1 Aquatic exercise for obesity and rehabilitation: Physiological principles and
clinical applications

Aquatic exercise (AQE) offers a unique and effective environment for
rehabilitation and physical conditioning, particularly for individuals with obesity,
musculoskeletal disorders, or reduced exercise tolerance. The therapeutic benefits of
immersion stem from fundamental hydrodynamic principles, including density,
hydrostatic pressure, buoyancy, viscosity, and thermodynamic properties [27].

4.2 Physical properties of water and biological effects

The density of water provides vertical thrust that reduces body weight load,
facilitating movement and joint protection. Hydrostatic pressure increases with
immersion depth, enhancing venous return, stroke volume, and peripheral
circulation while reducing edema and modulating hormonal pathways, such as the
renin-angiotensin-aldosterone system. Buoyancy allows up to 90% body weight
support depending on immersion depth, enabling vigorous aerobic exercise with
minimal joint stress. Water viscosity provides resistance proportional to movement
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velocity, allowing safe, controlled strengthening exercises within the patient’s
comfort range. Thermodynamically, water transfers heat efficiently, enabling both
cooling and warming interventions for muscle recovery or rehabilitation [28].

4.3 Pool characteristics and environmental guidelines

Optimal pool conditions are crucial for effective AQE. Water temperatures of
28–30°C are ideal for aerobic and resistance exercises, while 32–35.5°C is
recommended for therapy sessions, accommodating longer immersion without
discomfort. Air temperature should not exceed 29–30°C, with 50–60% humidity.
Pool depth determines weight offloading: immersion to the neck provides ~ 90%
support, while hip-level immersion provides ~ 50%. Shallow-water areas of 1–1.4m
depth are suitable for most rehabilitative activities [29].

4.4 Clinical applications and program design

AQE is broadly applicable, supporting cardiovascular, musculoskeletal,
neurological, respiratory, metabolic, geriatric, and psychiatric rehabilitation, as well
as conditions such as pregnancy, osteoporosis, and lymphedema. Programs typically
include warm-up (5–15min), conditioning (20–120min), and cool-down (5–15
min). Evidence indicates that 8–12 weeks of thrice-weekly sessions can produce
significant improvements in CRF, body composition, and metabolic health.
Familiarization with buoyancy, viscosity, and aquatic proprioception is essential
before introducing resistance equipment or higher-intensity training [30].

4.5 Resistance and aerobic training in water

Aquatic resistance exercises utilize water drag and equipment to adjust intensity.
Resistance can be manipulated through acceleration, frontal surface area, and limb
positioning, producing “isokinetic” contractions and enhancing muscle strength
safely. Aquatic bikes and treadmills provide variable resistance and are well-
tolerated in obese patients, though external power output is recommended to guide
exercise intensity due to water-induced changes in heart rate and VO2max [31].

4.6 High-intensity interval training (HIIT) in water

HIIT protocols, consisting of short, intense bouts interspersed with recovery,
have been shown to improve oxidative capacity, vascular function, and fat
metabolism in obese individuals. Aquatic HIIT allows patients to achieve higher
heart rate ranges safely than on land, with reduced cardiac stress and joint loading.
Short bouts of 15–60 seconds are recommended, progressing gradually in frequency
and volume over 15 weeks [27].

4.7 Progression strategy

AQE progression begins with familiarization and motor adaptation in water,
followed by aerobic conditioning, incremental resistance training, circuit exercises,
and finally low-volume HIIT. Heart rate and perceived exertion monitoring guide
intensity and ensure safety [32].
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4.8 Conclusion

AQE leverages the physical properties of water to enable safe, effective, and
adaptable training for obese and rehabilitative populations. When properly
prescribed and progressed, aquatic exercise enhances CRF, strength, metabolic
health, and adherence, making it a vital component of modern rehabilitation
strategies.

5. Nutrition and exercise

5.1 Nutrition and exercise strategies for obese and sarcopenic individuals:
Macronutrient, micronutrient, and hydration considerations

Carbohydrates are the primary energy substrate during moderate-intensity
exercise (50–70% VO2max), particularly in the first 30minutes [33–35]. Muscle
glycogen, comprising 70–79% of total body glycogen, supports prolonged activity,
while hepatic glycogen (20%) and circulating glucose (<1%) contribute to systemic
energy availability [35]. Glycogen depletion leads to muscular fatigue, limiting
exercise performance. The recommended daily carbohydrate intake ranges from
5–12 g/kg/day, with higher intakes recommended for athletes or individuals
performing at least 70% of their VO2max for more than 12 hours per week.
Postexercise, carbohydrate timing can accelerate glycogen resynthesis, particularly
when combined with protein (0.2–0.4 g/kg/h), which concurrently stimulates
muscle protein synthesis [36].

5.2 Lipids and dietary fats

Dietary lipids provide concentrated energy and support the absorption of fat-
soluble vitamins. Balanced intake, with an emphasis on unsaturated fatty acids,
particularly omega-3 polyunsaturated fatty acids (PUFAs), is associated with
reduced inflammation, improved cardiovascular function, and enhanced
musculoskeletal health [37–39]. Mediterranean diet patterns, rich in
monounsaturated and polyunsaturated fats, are particularly effective in reducing
obesity-related inflammation, hepatic fat, and OA symptoms [38, 40].

5.3 Water and micronutrients

Hydration is essential for exercise performance and recovery. Dehydration of
even 1–5% body weight reduces physical and cognitive function, while greater losses
may precipitate heat-related illnesses [41]. Recommended fluid intake includes 300
mL of water 2 hours before exercise and 250mL every 20–30minutes during
prolonged activity, with adjustments based on environmental conditions and
exercise intensity [42]. Electrolytes, including sodium, potassium, and magnesium,
are lost through sweat and require replacement, particularly in high-intensity or
prolonged exercise. Micronutrient sufficiency is best achieved through a varied diet
rich in fruits, vegetables, and whole grains, which also provide antioxidants like
polyphenols to mitigate oxidative stress from exercise. Vitamins C and E have
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demonstrated benefits in reducing fatigue and supporting cardiovascular health in
obese adults during moderate exercise [12, 43, 44].

5.4 Exercise and macronutrient interactions

Aerobic and resistance exercises improve insulin sensitivity, mitochondrial
content, and muscle oxidative capacity, thereby enhancing glucose and fatty acid
metabolism. Exercise also protects against lean mass loss during weight reduction,
particularly when combined with adequate protein intake. Resistance training
promotes muscle protein synthesis, increasing skeletal muscle mass and function,
while aerobic activity reduces fat mass and improves CRF. HIIT further enhances
metabolic adaptations, including hepatic fat reduction in patients with NAFLD
[28, 45, 46].

5.5 Special considerations in obesity-related comorbidities

Patients with obesity often present with insulin resistance, NAFLD, chronic
kidney disease, obstructive sleep apnea, OA, and heart failure. Nutritional
interventions must account for these comorbidities. For example, low-protein diets
are indicated in early-stage chronic kidney disease, whereas higher protein intake is
necessary postbariatric surgery or during weight loss to preserve lean mass [11].
Carbohydrate management is critical in diabetes prevention and glycemic control,
and exercise intensity and duration must be tailored to avoid hypoglycemia in
insulin-treated patients. Weight loss of 3–7% of initial body weight improves
glycemic control, hepatic steatosis, and sleep apnea severity, with additional benefits
observed when exercise is integrated [15, 47].

5.6 Sarcopenic obesity and older adults

Sarcopenic obesity is characterized by the coexistence of excess fat mass and
inadequate muscle mass and function, often exacerbated by aging. Protein intake of
1.0–1.2 g/kg/day, combined with aerobic and resistance exercise, supports muscle
protein synthesis, mitigates FFM loss, and enhances physical performance. Even
distribution of protein intake across meals maximizes anabolic responses. Moderate-
intensity PA reduces intermuscular fat, improves muscle quality, and promotes
functional independence. Resistance training increases strength, preserves skeletal
muscle mass, and decreases fat mass in sarcopenic obese adults [48–51].

6. Conclusion

Optimal management of obesity and sarcopenic obesity requires integrated
nutritional and exercise strategies. Adequate carbohydrate, protein, and lipid intake,
along with hydration and micronutrient sufficiency, supports energy metabolism,
preserves lean mass, and enhances exercise performance. Structured aerobic and
resistance exercise programs synergize with diet to improve body composition,
insulin sensitivity, hepatic health, and musculoskeletal function (see Table 1).
Personalized interventions, considering comorbidities, age, and functional status,
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are essential for maximizing long-term health outcomes in obese and sarcopenic
populations.
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Category Target/recommendation Exercise type and
frequency

Expected outcomes

Carbohydrates 5–12 g/kg/day (higher end for ≥70%
VO2max >12 h/wk); postexercise:
0.8 g/kg/h with 0.2–0.4 g/kg/h
protein

Aerobic (50–70%
VO2max), duration:
30–60min/d

Maintain glycogen stores,
delay fatigue, and support
exercise performance

Proteins 1.0–1.6 g/kg/day (for older adults or
during energy restriction: 1.2–1.6 g/
kg/d); spread acrossmeals every 3–4 h

Resistance
training 2–3x/wk,
combined with
aerobic exercise

Preserve lean mass, stimu-
late muscle protein synth-
esis, and maintain strength

Lipids/fats Emphasize unsaturated fats, omega-
3 PUFAs (1 g/d); Mediterranean diet
patterns

Combined with
aerobic and resis-
tance exercise

Reduce inflammation,
improve cardiovascular and
musculoskeletal health

Water and
electrolytes

300mL 2 h preexercise; 250mL
every 20–30min; replace sodium,
potassium, and magnesium as
needed

All exercise
modalities

Prevent dehydration, main-
tain performance, and
reduce the risk of heat stress

Micronutrients Adequate intake via fruits,
vegetables, cereals; Vitamin C/E,
calcium 1,200mg/d, magnesium
320mg/d, vitamin D 800 IU/d, fiber
25 g/d

Supports exercise
recovery and overall
health

Reduce oxidative stress,
support bone/muscle health,
and improve fatigue
perception

Aerobic
exercise

Moderate intensity: ≥150min/wk;
high-intensity: >250min/wk for
hepatic fat reduction

Walking, cycling,
elliptical, swimming

Improve cardiorespiratory
fitness, reduce fat mass,
enhance insulin sensitivity,
and reduce liver fat

Resistance
training

2–3 sessions/wk; progressive
overload, 3 sets/exercise

Free weights,
resistance bands,
machines

Maintain/increase skeletal
muscle mass, enhance
strength, and preserve FFM
during weight loss

Combined
exercise

Aerobic + resistance 3x/wk, 60– 90
min/session

Circuit training,
interval sessions

Maximize fat loss, improve
lean mass, and enhance
functional performance

Special
populations

Sarcopenic obesity: high-protein
intake, leucine supplementation,
resistance exercise

Tailored progressive
training 2–3x/wk

Preserve muscle mass,
improve strength and
physical function, and
reduce frailty risk

Obesity with
comorbidities

Adjust protein, carbs, and calories
according to CKD, HF, NAFLD,
diabetes

Individualized aero-
bic/resistance
programs

Improve glycemic control,
reduce hepatic fat, manage
blood pressure, and main-
tain functional capacity

Table 1.
Recommendations regarding optimal physical exercise for metabolic patients.
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Chapter 12

From Metrics to Meaning:
LLM-Driven Lifestyle Intelligence
for Personalized Obesity
Prevention
Heewon Kim and Hannah Kim

Abstract

This chapter redefines obesity prevention through the lens of whole-person health
and recent advances in large language models (LLMs).While body mass index (BMI)
remains a useful population-level marker, its limitations in capturing nuanced
behavioral, psychological, and contextual health factors have led to growing interest
in complementary approaches. Similarly, traditional machine learning (ML) models
built on structured lifestyle surveys suffer from rigid variable definitions, lack of
contextual depth, and poor adaptability to individual lived experiences. Without
understanding the root causes embedded in real-life behaviors, any intervention risks
being superficial or short-lived. We explore how unstructured, real-world health
narratives can be transformed into clinically meaningful signals through LLM-driven
analysis. By bridging preventive medicine and modern artificial intelligence (AI),
this chapter positions LLMs not merely as assistants but as interpretive engines
capable of understanding the psychological, behavioral, and social context that
surrounds lifestyle-related risk. We examine cutting-edge developments such as
EntroLLM, which embeds latent health concepts from free-form text, and contrast
them with earlier ML approaches that relied heavily on structured survey data. These
innovations support more personalized, context-aware, and adaptive interventions –
aligned with the principles of whole-person care. Concrete applications include
Noom’s LLM-guided behavior coaching, Welli’s AI wellness journaling tools, and
emerging LLM integrations in insurance-based health nudging platforms. We
evaluate their potential for stratifying obesity risk even in the absence of BMI, and
their limits in terms of evidence, trust, and regulatory fitness. The aim is a paradigm
that enriches BMI with narrative insight and makes obesity care more human-
centered.

Keywords: real-world health narratives, unstructured health data, whole-person
health, LLM-driven analysis, AI wellness, behavioral vector modeling, AI for
preventive medicine
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1. Introduction: The limits of metrics – Why body mass index and
structured surveys fall short in lifestyle understanding

Body Mass Index (BMI) has long played a central role in epidemiology and public
health as a practical and scalable population-level indicator. At the same time, a
substantial body of evidence has firmly established its limitations in capturing
individual-level health risk and lifestyle complexity. In particular, its usefulness
declines sharply when applied to personalized lifestyle assessment. As many expert
reviews have noted, BMI is fundamentally an “imperfect clinical measure” that
collapses physiologically distinct constructs—fat mass, lean mass, bone density, and
visceral adiposity—into a single number. This flattening effect produces widespread
misclassification: muscular individuals, older adults with sarcopenic obesity, and
people across diverse ethnic groups can share the same BMI despite markedly
different metabolic risk profiles.

Because BMI cutoffs were historically derived from White, non-Hispanic cohorts,
the metric fails to reflect racial and ethnic variation in body composition and
cardiometabolic risk – a limitation recognized by major organizations such as the
American Medical Association, which explicitly warns that BMI “loses predictability
when applied on the individual level.” To address these discrepancies, complementary
measures such as percent body fat, Fat Mass Index (FMI), waist circumference, and
imaging-based assessments like DEXA and MRI – along with newer indices such as
relative fat mass (RFM) – are increasingly used to provide more accurate estimates of
adiposity and cardiometabolic risk across diverse populations [1–7].

1.1 Measurement biases in structured lifestyle surveys

The limitations observed in BMI reflect a broader challenge in preventive health
measurement: the tendency to compress complex lived realities into simplified,
standardized proxies. This pattern extends beyond anthropometric metrics to other
commonly used instruments for lifestyle assessment, including structured self-report
surveys. Structured self-report surveys – commonly used to assess physical activity,
diet, and stress – are consistently shown to introduce significant biases. Participants
tend to overestimate physical activity and underestimate sedentary behaviors, with
discrepancies especially pronounced in certain groups (e.g., males, obese individuals).
Social desirability bias further distorts self-reports, as individuals often report
healthier behaviors than they actually perform, which can confound associations with
health outcomes. Underreporting of unhealthy behaviors and overreporting of healthy
ones are well-documented, and these biases can be exacerbated by declining
participation rates and non-representative samples [8–11].

1.2 Loss of context and narrative in health assessment

By reducing complex behaviors to rigid categories, structured surveys erase
important contextual factors such as cultural practices, emotional triggers, and
environmental constraints. For example, barriers like cost, lack of time, or social
support are often underrepresented or mischaracterized, especially in marginalized
or rural populations. This narrative loss can lead to the misinterpretation of
nonadherence as individual failure, rather than as a reflection of broader social or
environmental challenges [12–14].
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1.3 Implications for machine learning and predictive models

Machine learning (ML)models trained on these structured, biased metrics inherit
their limitations. While such models may achieve high predictive accuracy, they
often function as “black boxes” with limited interpretability, making it difficult to
understand or address the underlying causes of risk. This lack of transparency
undermines clinical trust and can reinforce structural biases, especially when models
rely on flawed proxies like BMI or self-reported activity [15, 16].

Consequently, even advanced predictive models built on these biased,
low-resolutionmetrics remain constrained by the limitations of their inputs. To address
these issues, efforts have shifted toward integrating genomic data (e.g., polygenic risk
scores), behavioral measures (e.g., structured surveys), and multimodal longitudinal
lifestyle data – such as photo-based dietary records and wearable-derived activity
signals – laying the foundation for the richer, narrative-based approaches explored in
the next chapter [17]. In this sense, multimodal integration represented a natural
progression within existing measurement frameworks.

For obesity prevention, this loss is not merely methodological – it is clinical. When
we cannot understand the contextual reasons why individuals eat, move, or cope the
way they do, interventions become generic, short-lived, and misaligned with real-
world behavior. BMI may capture population-level patterns, and structured surveys
may reflect coarse behavioral trends, but neither can account for the granular,
situational factors that drive individual variation or enable sustainable, personalized
change. Bridging this fidelity gap requires complementing traditional quantitative
metrics with richer, narrative-based contextual data – a direction that the following
sections examine in detail.

2. Real-world health narratives as data: Unlocking context, motivation,
and lived experience

2.1 Effective obesity prevention requires understanding both behaviors and
their context, not just outcomes

Given that one of the central goals of BMI use in clinical practice is obesity
prevention, the metric must be evaluated not only for its ability to classify weight
status, but also for its capacity to inform meaningful preventive action. Traditional
metrics like BMI, step counts, and food-frequency questionnaires quantify behaviors
but fail to capture the emotional, social, and environmental contexts that drive those
behaviors. This lack of contextual data—termed the “narrative gap”—limits the
personalization and effectiveness of preventive care.

2.2 Why context matters in obesity prevention

Emotional and psychological factors play a critical role in obesity risk and
management. Emotional eating—often triggered by stress, depression, or anxiety—
serves as a key behavioral mechanism linking psychological distress to weight gain.
Addressing these emotional drivers is therefore essential for both prevention and
treatment.

Beyond individual psychology, social vulnerabilities such as low socioeconomic
status, limited social support, and adverse life experiences independently contribute
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to obesity risk. Neighborhood environments—including levels of social capital and
collective efficacy—can either undermine or enhance the effectiveness of clinical
interventions.

Moreover, the lived experience of obesity is frequently shaped by stigma,
discrimination, and psychosocial stress. When unaddressed, these experiences can
lead to disengagement from health-promoting behaviors and ultimately worsen
clinical outcomes.

2.3 The role of patient-generated narratives and digital tools

Patient-generated narratives—including journals, chat logs, and counseling
notes—provide rich insight into individual motives, stressors, and perceived
barriers. By capturing subjective experience, such narrative data help bridge the
“narrative gap” and enable more personalized and context-sensitive care.

Digital tools, including mobile applications, social media platforms, and
conversational agents, can further support self-monitoring, personalized feedback,
and social connection. However, their effectiveness depends not merely on
technological sophistication, but on empathetic, context-aware design and the
meaningful integration of narrative data.

In addition, group-based interventions that foster shared social identity and
psychological connection have been shown to enhance motivation and sustain
behavior change over time [18–28].

2.4 Why context matters: Moving beyond decontextualized metrics

Contextual data, including patient narratives, provide critical insights that
structured metrics often miss. Context helps patients and clinicians make sense of
complex health data, supports action planning, and builds trust in data-driven
decisions. Without context, trends may be unclear or counterintuitive, limiting the
usefulness of health information for both patients and providers.

2.5 Defining narrative real-world data

Narrative real-world data (NRWD) encompasses unstructured, free-form
accounts of patient experiences, often captured in electronic health records (EHRs),
web-based platforms, or participatory storytelling. These narratives serve as
behavioral and emotional sensors, revealing patient perspectives, emotional states,
and social determinants that structured data may overlook. Integrating narrative
with digital tools enhances empathy, communication, and professional identity
among healthcare providers.

2.6 Narrative RWD versus structured RWD: Complementary strengths

While structured RWD (e.g., lab results, claims data) offers standardization
and scalability, NRWD provides depth, context, and meaning. Combining both
enables a more holistic view of patient health, supporting both evidence-based
and person-centered care. Narrative data can contextualize quantitative findings,
making them more actionable and relatable (see Table 1).
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2.7 The equity imperative: Narratives for minority and under-represented
populations

Narrative approaches are especially powerful for amplifying the voices of minority
and under-represented groups, addressing health disparities, and promoting equity.
Storytelling and critical narrative interventions foster empathy, reduce stigma, and
support culturally grounded health communication and behavior change [29–39].

2.8 From narrative insight to preventive action

Narratives – stories grounded in lived experience – are increasingly recognized as
powerful tools for motivating preventive health behaviors. Unlike traditional fact-based
messages, narratives enhance engagement andpersonal relevance, reduce resistance, and
strengthen self-efficacy by allowing individuals to identify with characters and contexts
similar to their own. Culturally tailored and community-informed storytelling has
been shown to improvemotivation, intention, and uptake of health-promoting actions –
from cancer screening to chronic disease management – particularly in populations
underserved or skeptical of conventional health messaging. Though effect sizes are
generally modest in controlled trials, evidence consistently demonstrates that narrative
approaches can meaningfully support sustained lifestyle modification when they
complement, rather than replace, traditional information-based strategies [32, 40–51].

Narrative real-world data brings essential clinical perspective, emotional insight,
and equity considerations into healthcare decision-making, complementing
structured metrics. Integrating both data types enables more patient-centered
context-responsive, and equitable care, guiding proactive clinical action and
improving health outcomes for all populations.

3. Large language models as interpretive engines: From unstructured
text to clinically meaningful signals

Recent advances in large language models (LLMs) are transforming obesity
prevention by enabling the extraction of clinically meaningful signals from
unstructured health narratives, moving beyond the limitations of BMI and
structured survey data.

3.1 Converting narratives into structured clinical signals

LLMs excel at extracting complex behavioral, psychological, and social
determinants of health (SDoH) from free-text sources such as EHRs, patient journals,
and chat transcripts. Fine-tuned LLMs have shown that they can accurately identify

Data type Strengths Limitations

Structured RWD Standardized, scalable, easy to analyze Lacks context, may miss nuances

Narrative RWD Rich context, emotional/behavioral insight Harder to standardize/analyze

Table 1.
Complementary strengths of narrative and structured RWD.
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SDoH categories like employment, housing, and social support. They do better than
traditional pattern-matching and earlier ML methods, and they can capture nuanced,
context-rich information that structured data fields often miss. Tools like SBDH-
Reader and open-source LLMs have achieved F1 scores above 0.94 in extracting SDoH,
supporting scalable, real-time patient-level data collection [52–55].

3.2 Behavioral vector modeling and latent health embeddings

LLMs can embed latent health concepts from free-form text, enabling the
modeling of psychosocial–behavioral phenotypes and contextual risk factors. By
identifying subgroups with similar behavioral and psychological profiles, these
embeddings can link obesity risk and inform personalized interventions. Contextual
word embeddings and topic modeling further enhance the ability to capture the
interplay between lifestyle, environment, and health outcomes [53, 56, 57], which
can lead to more effective strategies for addressing obesity and improving overall
health by tailoring interventions to specific subgroups.

3.3 Habit–emotion–context extraction from narratives

LLMs are capable of extracting patterns of habits, emotions, and contextual
factors from patient narratives, supporting reflective self-monitoring and
personalized feedback. Artificial intelligence (AI)-driven journaling systems
leverage LLMs to provide real-time, context-aware insights, fostering patient
engagement and health literacy while maintaining privacy and transparency. These
systems can identify early warning signs, such as changes in mood or behavior, and
support proactive health management by alerting patients and healthcare providers
to potential issues before they escalate[58–60].

3.4 Case study: EntroLLM and latent temporal structure

While specific mention of EntroLLM is not found, similar LLM-based
frameworks demonstrate the ability to model temporal health patterns and latent
structures from longitudinal data, such as wearable sensor streams and daily health
logs. These models outperform traditional ML in predicting health outcomes and
generating personalized recommendations [61].

3.5 LLM-driven features versus traditional feature engineering

LLMs surpass traditional feature engineering by automatically generating
interpretable, clinically relevant features from unstructured data, reducing reliance
on rigid variable definitions and enhancing adaptability to individual lived
experiences. This shift enables more personalized, context-aware, and adaptive
interventions that can be tailored to meet the specific needs of patients based on their
unique health profiles and circumstances. [53, 62, 63].

3.6 Explainability: What the LLM “reads” and how it can be traced

Despite their power, LLMs present challenges in interpretability and transparency.
Efforts to improve explainability include prompt engineering, attention mechanisms,
and clinician-facing summarization tools, which help trace model reasoning and build
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trust in AI-driven insights. However, concerns remain regarding data privacy,
algorithmic bias, and the need for robust ethical frameworks [53, 58, 59, 62, 64].

LLMs are redefining obesity prevention by transforming unstructured health
narratives into actionable, personalized insights. While they offer significant
advantages over traditional methods, challenges in explainability, fairness, and
regulatory compliance must be addressed for safe and effective clinical integration.

4. LLM-driven lifestyle intelligence in obesity prevention: Case-based
applications and the shift to whole-person healthcare

This section explores how LLMs are transforming obesity prevention by enabling
more personalized, context-aware, and adaptive interventions. The focus is on real-
world applications—AI coaching, which uses artificial intelligence to provide
personalized guidance; journaling, the practice of recording daily activities and
thoughts; digital phenotyping, the collection and analysis of data from digital sources
to understand behavior; and behavioral profiling, the assessment of individual
behaviors to tailor interventions—culminating in a holistic approach to health.

4.1 Converting narratives into structured clinical signals

4.1.1 Case examples: From AI coaching to digital phenotypes

4.1.1.1 Personal AI coach: Nuli

LLM-powered coaching systems, such as those modeled after Noom and
similar platforms, deliver personalized, motivational, and context-sensitive
guidance for weight management. Studies show that LLM-generated coaching
messages can match human coaches in helpfulness and empathy, especially after
prompt refinement, though users sometimes perceive them as formulaic or overly
data-driven. These systems offer scalable, cost-effective support and can increase
access to care but require ongoing improvements in authenticity and
trustworthiness [60, 65, 66].

4.1.1.2 Simplified health journaling: Luji

AI-assisted journaling tools leverage LLMs to transform unstructured, user-
generated narratives into actionable health insights. Such systems encourage
reflective self-monitoring, enhance health literacy, and provide real-time, context-
aware feedback. Key design principles include transparency, adaptive consent, and
clinician-facing data summarization. Early prototypes demonstrate improved
patient engagement and the potential to bridge patient-generated data with clinical
care, though rigorous trials are needed to confirm long-term benefits [58].

4.2 Digital phenotyping and behavioral profiling

LLMs and advanced AI models can extract nuanced behavioral, psychological,
and social determinants of health from free-text data, such as EHRs and patient
narratives. These models are better at finding risk factors and social determinants
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than traditional pattern-matching and structured survey methods. This helps with
more accurate risk stratification and targeting of interventions [52, 54, 67].
Explainable AI models that focus on lifestyle factors – rather than BMI alone –
achieve high accuracy in predicting obesity risk and highlight the importance of meal
frequency, technology use, and other daily behaviors [68].

4.3 Toward whole-person healthcare

The integration of LLM-driven tools supports a shift from population-level
metrics like BMI to individualized, narrative-based insights. This aligns with the
principles of whole-person care, emphasizing psychological, behavioral, and social
context in obesity prevention. LLMs facilitate adaptive, human-centered
interventions that can be tailored to diverse lived experiences, potentially improving
both engagement and outcomes [69, 70, 71], by providing personalized
recommendations and support that consider each individual’s unique circumstances
and challenges in managing obesity.[69–71].

5. Opportunities and risks: Evidence, trust, bias, and regulatory
readiness

5.1 Opportunities and challenges of introducing medical AI

LLMs demonstrate high potential for innovation in clinical document
summarization, decision support, and patient communication, enabling patient-
centered care through the utilization of unstructured data [72, 73].

However, key risks also exist, including regulatory uncertainty, lack of reliability,
fairness issues, and ambiguity regarding accountability.

5.2 Global regulatory environment

5.2.1 U.S. Food and Drug Administration

TheU.S. Food andDrug Administration (FDA) regulates AImedical devices through
its SaMD (Software as a Medical Device) framework, classifying them into Class I–III
and applying certification procedures based on risk levels [74, 75] (see Table 2).

Because AI/ML-based devices (including LLMs) evolve continuously, the FDA
manages the safety of dynamic algorithms through PCCP (Predetermined Change
Control Plan) and GMLP (Good Machine Learning Practices) [76, 77].

5.2.2 EU AI act

The EU AI Act classifies medical AI systems as high-risk and mandates dataset
representativeness, risk-management systems, transparency, and human oversight
[78, 79] (see Table 2).

In particular, data-governance requirements aimed at reducing bias represent
strong obligations for market entry into the EU.
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5.2.3 Insurance and reimbursement systems

In the United States, CPT Category III codes are used to pilot reimbursement for
innovative technologies [80]. Germany’s DiGA system requires clinical evidence and
health-economic evaluations [81]. In Korea, reimbursement decisions are made through
the New Health Technology Assessment following MFDS approval [82] (see Table 2).

5.3 Technical requirements for trustworthy AI (explainability, auditability,
and reproducibility)

For clinical use of LLMs, explainability, auditability, and reproducibility are
critical. Due to the opacity of LLM reasoning processes, hallucinations and factual
errors pose risks, making calibrated confidence-score reporting essential for
controlling these risks. A further limitation is that LLMs remain highly sensitive to
dataset and context shifts. Models that perform well on benchmark datasets or
curated pilot populations may degrade substantially when exposed to new
demographic groups, evolving lifestyle trends, or different documentation styles,
even if their surface-level fluency appears unchanged. For lifestyle and obesity
prevention, this gap is critical: models may capture language patterns without fully
reflecting cultural norms, food environments, or health system constraints. XAR in
this sense is not only about “opening the black box,” but about making the
operational boundaries of the model – its valid use-cases, populations, and data
regimes – explicit and continuously revisited [84–86].

5.4 Legal and ethical uncertainties

5.4.1 Accountability

When LLM errors occur, responsibility among clinicians, institutions, and
developers is unclear, raising the issue of a “liability chasm” [87].

This is attributed to the black-box nature of LLMs and the difficulty of error
tracing [86].

Regulatory
country

FDA SaMD
(United States)

EU AI Act (Europe) MFDS/NHI (Korea)

Risk
Classification
Criteria

Class I, II, III (based on
clinical risk) [76]

High-risk (based on intended
use and personal profiling)
[80]

Medical device classes
(based on risk level and
dependency) [83].

Core
Regulatory
Framework

PCCP, GMLPs, RWP
monitoring [78]

Risk management system,
data governance, human
oversight [81]

MFDS approval, followed
by New Health Technology
Assessment (NHI
reimbursement) [83].

Bias
Management
Obligations

Specified within the AI/
ML action plan, sup-
porting evaluation and
mitigation [79].

Obligations for representa-
tiveness and error minimiza-
tion in datasets for high-risk
systems [80].

Data control under PIPA
(Personal Information
Protection Act) and the require-
ment for Institutional Review
Board (IRB) review [83].

Table 2.
Comparison of major regulations and medical AI (LLM SaMD) requirements by country.
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5.4.2 Privacy and consent issues

When clinical data are used for LLM training, existing de-identification techniques
have limitations [88], and many studies have failed to implement adequate patient-
consent procedures – an issue regarded as a significant ethical concern [83].

5.5 Conclusion and strategic recommendations

This analysis highlights that, although LLM-based medical AI has great
innovative potential, regulatory, technical, and ethical foundations are essential for
safe adoption.

The following strategies are proposed:

(1) International standardization of PCCP and GMLP [76].

(2) Representative data governance and mandatory bias audits to minimize bias
[78, 89].

(3) Establishment of reimbursement systems centered on demonstrating eco-
nomic value [81].

(4) Mandatory reporting of LLM confidence scores [86].

(5) Long-term technological strategy focused on multimodal AI [72].

6. Conclusion

BMI is not a good way to understand someone’s lifestyle on an individual level
because it doesn’t take into account differences in body composition, age, race and
ethnicity, and lived context. Similar constraints recur in structured survey data and
conventional MLmodels, where decontextualizedmetrics often lead to interpretations
and interventions misaligned with real-world behavior, resulting in ineffective health
strategies that do not address the unique needs of individuals. Against this backdrop,
the importance of narrative data and LLMs capable of interpreting such context has
emerged, leading to new practical attempts such as AI coaching, health journaling, and
digital phenotyping in real-world settings. From the perspective of working directly
with data in practice, one lesson becomes consistently clear: data are always
incomplete. No dataset can fully represent reality, and models inevitably inherit these
imperfections. The critical task, therefore, is not to build increasingly complexmodels,
but to recognize the limits of the data and to distinguish what can – and cannot – be
meaningfully interpreted. In lifestyle and obesity prevention, LLMs should not be
viewed as tools for producing definitive answers, but rather as supportive interpretive
systems that help surface context and enable dialogue. In the end, the usefulness of
medical AI in the real world depends not only on how well it works, but also on how
clear its purpose and responsibility are.

The author acknowledges the use of LLM solely for language polishing and minor
grammatical refinement of the manuscript. All conceptualization, methodology,
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