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Preface

Contemporary Psychometrics – New Developments and Applications brings together 
a diverse collection of chapters that reflect the dynamic and evolving landscape 
of psychometric research and applications. Aimed at specialists, scholars, and 
researchers in psychology, education, and related disciplines, this volume highlights 
both theoretical innovations and practical implementations that are reshaping how 
we understand and measure psychological constructs across cultures, contexts, and 
populations.

The book opens with Transforming Psychometrics: Integrating Technology, and 
Application in the 21st Century by Rida Kainaat and Anila Sadaf, offering a broad yet 
insightful overview of the field’s recent progress. This chapter lays the foundation 
for subsequent discussions by outlining emerging methodological and conceptual 
frameworks.

María Inés Acuña and Silvina Alejandra Brussino contribute a compelling chapter on 
Psychometric Network Analysis: An Alternative Approach to Understanding Psychosocial 
Systems, presenting this alternative approach as a powerful lens for examining com-
plex psychosocial systems. This perspective extends beyond traditional latent vari-
able models and opens up new avenues for modeling interconnected psychological 
phenomena.

In Ethnopsychometry: The Road to Valid, Reliable Yet Culturally Sensitive and Relevant 
Measures, Rolando Díaz-Loving, Sofía Rivera Aragón, and Marco Antonio Villanueva 
Bustamante critically address the imperative of cultural relevance in psychometric 
tools. Their work challenges us to refine our methodologies to better serve diverse 
populations, emphasizing equity in psychological assessment.

The final section features empirical studies showcasing novel test development 
and validation efforts. Marei Ahmed, in the chapter Reviewing the Translated and 
Validated Scales in Positive Psychology in Sports within Arabic-Speaking Countries, 
provides valuable insights into cross-cultural adaptation and validation. Kenneth J. 
Reid’s study, Psychometric Analysis of an Instrument to Study Retention in Engineering: 
Do Results Support the Gender Similarity Hypothesis?, examines gender similarities 
and contributes to ongoing conversations on inclusivity in STEM education.  
Lastly, Mirta Susana Ison introduces a Computerized Child Attention Test, illus-
trating the integration of technology and psychometric innovation in cognitive 
assessment.
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Chapter 1

Transforming Psychometrics: 
Integrating Technology, and 
Application in the 21st Century
Anila Sadaf Mubashir and Rida Kainaat

Abstract

This chapter explores contemporary developments in psychometrics, emphasizing 
advanced models and methodologies that enhance the precision and applicability of 
psychological measurement. It traces the evolution from Classical Test Theory (CTT) 
to sophisticated frameworks like Item Response Theory (IRT), Bayesian psychomet-
rics, and network psychometrics. These advancements enable personalized assess-
ments, adaptive testing, and real-time updates, significantly improving educational, 
clinical, and organizational applications. The chapter also discusses ethical chal-
lenges, including data privacy, fairness, and interpretability, highlighting the need 
for transparent and unbiased assessments. With the integration of artificial intel-
ligence (AI), big data analytics, and wearable technology, psychometrics is poised to 
revolutionize psychological measurement. The chapter concludes by emphasizing the 
importance of ethical considerations and cultural sensitivity in global applications, 
ensuring accurate and equitable psychological assessments.

Keywords: contemporary psychometrics, Item Response Theory (IRT), 
Bayesian psychometrics, adaptive testing, ethical considerations

1.  Introduction

1.1 Historical context and traditional psychometric approaches

Psychometrics, the scientific discipline concerned with the measurement of 
psychological attributes such as intelligence, personality, and abilities, has its origins 
in the late nineteenth and early twentieth centuries. Early pioneers, including Francis 
Galton [1], Charles Spearman [2], and Alfred Binet [3], laid the foundation for the 
field by developing statistical techniques for measuring individual differences.

The first widely recognized psychometric models emerged in educational and 
psychological testing, with Classical Test Theory (CTT) being the dominant frame-
work for test development and validation [4]. CTT is based on the assumption that an 
observed test score consists of a true score and an error component. Reliability and 
validity were key concerns, with early psychometricians devising methods to ensure 
consistency and accuracy in measurement [5].
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Traditional psychometric assessments relied on summative scoring, where test-
takers were evaluated based on aggregate scores without consideration of item-level 
variability [6]. This approach, while useful, had limitations, including an inability to 
account for differences in item difficulty and discrimination [7]. As the field pro-
gressed, researchers sought more refined models that could provide deeper insights 
into test performance and latent psychological constructs [8].

The shift from Classical Test Theory (CTT) to more sophisticated models while 
CTT provided foundational principles for psychometric assessments, it had several 
limitations. One of the major drawbacks was its dependence on sample-specific 
statistics, meaning that test properties could vary across different populations [9]. 
Additionally, CTT assumed that all test items contributed equally to the measurement 
of an underlying trait, which was an oversimplification of real-world psychological 
constructs [10].

To address these limitations, psychometricians developed Item Response Theory 
(IRT), a paradigm that models the probability of a test-taker responding correctly to 
an item based on their latent ability level [11]. Unlike CTT, IRT provides item-level 
information, allowing for more precise measurement and adaptive testing [8]. This 
shift marked a significant advancement in psychometrics, enabling the development 
of Computerized Adaptive Testing (CAT) [12], where test difficulty adjusts dynami-
cally to an individual’s performance.

Other sophisticated models, such as Bayesian psychometrics [13] and network psycho-
metrics [14], have further expanded the scope of psychological measurement. Bayesian 
methods allow for real-time updating of ability estimates, improving the accuracy of 
adaptive learning systems [15]. Network psychometrics, in contrast, conceptualizes 
psychological traits as dynamic systems rather than single underlying constructs, offering 
new perspectives on mental health assessments and personality research [16].

1.2  Overview of the demand for advanced psychometrics in an increasingly data-
driven world

The integration of big data and artificial intelligence (AI) has significantly 
reshaped the field of psychometrics. Traditional paper-based assessments have transi-
tioned into digital and AI-driven methodologies, leading to a heightened demand for 
advanced psychometric models across various sectors, including education, health-
care, human resources, and AI applications.

In the educational domain, adaptive learning platforms utilize psychometric 
models to customize instruction, ensuring that students receive content tailored 
to their individual strengths and weaknesses. For instance, AI-based virtual tutor 
systems have been conceptualized to support students with learning difficulties by 
incorporating psychometric assessments to monitor and analyze behaviors, activities, 
and health-related patterns [17].

In clinical psychology, digital mental health tools employ psychometric assess-
ments to monitor symptoms, forecast treatment outcomes, and deliver data-driven 
interventions. A notable example is MoodPath, an AI-driven application that assists 
users in tracking their mental health by evaluating their responses to questions about 
mood and daily activities [18].

Within organizational environments, psychometrics plays a crucial role in recruit-
ment and employee evaluations. AI-enhanced psychometric assessments are revo-
lutionizing talent evaluation by offering speed, scalability, and data-driven insights, 
thereby transforming the hiring landscape [19].
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Moreover, AI and machine learning researchers apply psychometric principles to 
refine human-computer interactions, thereby improving user experiences on digital 
platforms. This involves integrating AI methodologies with psychological measure-
ments to enhance the accuracy and efficiency of assessments.

The growing dependence on data-driven decision-making introduces new challenges 
for psychometricians, particularly concerning ethical issues related to data privacy, bias, 
and interpretability. Ensuring fairness and transparency in psychometric applications is 
paramount. For example, AI-driven psychometric assessments must address ethical chal-
lenges and data privacy concerns to maintain trust and uphold ethical standards.

As the field progresses, advancements in AI, wearable technology, and big data 
analytics are poised to further transform psychometrics, enhancing the precision, 
efficiency, and applicability of psychological measurements. Continuous validation 
and testing are essential to maintain the reliability of AI-powered psychometric 
assessments, ensuring they meet the evolving needs of various sectors.

2.  Advancements in psychometric models and methodologies

2.1  Item Response Theory (IRT) and beyond: Exploring models for different types 
of data

Item Response Theory (IRT) has long served as a foundational framework in 
psychometrics, modeling test items based on parameters such as difficulty, discrimi-
nation, and guessing. Recent advancements have extended traditional IRT models to 
better accommodate complex data structures and provide more nuanced assessments.

2.1.1 Multidimensional Item Response Theory (MIRT)

Traditional IRT models often assume one-dimensionality, meaning they assess 
a single latent trait. However, many psychological and educational constructs are 
inherently multidimensional. MIRT addresses this by allowing for the simultaneous 
assessment of multiple latent traits, providing a more comprehensive understanding 
of test performance.

Recent developments in MIRT include

• Sparse Bayesian MIRT: [20] Li introduced a scalable Bayesian Expectation-
Maximization algorithm designed to estimate sparse factor loadings from mixed 
continuous, binary, and ordinal item responses. This approach enhances interpret-
ability and scalability, addressing challenges in high-dimensional data contexts.

• Person explanatory MIRT: This model integrates person-specific covariates into 
the MIRT framework, allowing for a more personalized assessment by consid-
ering individual differences beyond latent traits. Such integration facilitates 
tailored interventions and more accurate diagnostics.

2.1.2 Cognitive Diagnostic Models (CDMs)

CDMs aim to provide detailed information about individuals’ specific strengths 
and weaknesses across various skills or attributes, enabling personalized feedback in 
educational and psychological assessments.
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Recent advancements in CDMs include

• Deep learning-based CDMs: Wang et al. conducted a comprehensive survey 
highlighting the integration of deep learning techniques into CDMs. This fusion 
enhances the models’ ability to capture complex, nonlinear relationships in data, 
leading to more accurate diagnostics and personalized interventions [21].

• Deep Cognitive Diagnostic Models (DeepCDMs): Chen et al. proposed a new 
family of DeepCDMs that leverage deep generative modeling to uncover deep 
discrete diagnostic information. These models offer advantages in identifiability, 
parsimony, and interpretability, making them valuable tools for detailed cogni-
tive assessments.

• ReliCD framework: Zhang et al. developed the ReliCD framework, which 
incorporates confidence awareness into cognitive diagnosis. By quantifying 
the uncertainty in diagnostic feedback, this framework enhances the reliability 
of assessments, providing more trustworthy information for educational and 
psychological interventions [22].

2.2  Computerized Adaptive Testing (CAT): Tailoring assessments to individual 
test-takers

Computerized Adaptive Testing (CAT) utilizes Item Response Theory (IRT) 
to dynamically adjust the difficulty of test items based on a test-taker’s responses, 
thereby enhancing assessment efficiency and precision. Recent advancements in CAT 
have focused on integrating Multistage Testing (MST) frameworks and leveraging 
artificial intelligence (AI) to further tailor assessments to individual test-takers.

2.2.1 Multistage testing (MST)

MST is an adaptive testing approach that administers assessments in multiple 
stages, with each stage comprising a set of items (modules) selected based on the test-
taker’s performance in previous stages. This structured approach allows for a balance 
between the adaptability of CAT and the practical constraints of test administration. 
Recent developments have seen the integration of MST with CAT methodologies, 
resulting in hybrid models that combine the item-level adaptability of CAT with 
the structured modular approach of MST. Such hybrid models aim to optimize test 
efficiency and measurement precision. For instance, research has demonstrated that 
combining CAT and MST can effectively enhance the adaptability and accuracy of 
assessments [23].

2.2.2 AI-driven adaptive assessments

The incorporation of AI into CAT has led to significant improvements in the 
adaptability and personalization of assessments. Machine learning algorithms can 
analyze extensive datasets of test-taker responses to predict ability levels more 
accurately and select items that are optimally informative. This AI-driven approach 
enables real-time adjustments to the assessment process, ensuring that each test-taker 
receives a unique set of items tailored to their ability level. Moreover, AI facilitates 
the continuous generation of new test items that maintain psychometric properties, 
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thereby reducing the risk of item exposure and enhancing test security. For example, 
AI techniques have been employed to create sophisticated algorithms that improve 
the precision and efficiency of adaptive testing systems [24]. Recent studies have 
explored various facets of CAT, MST, and AI integration. A comprehensive survey 
by Liu et al. [24] discusses the application of machine learning techniques in CAT, 
highlighting how these methods can optimize item selection algorithms and improve 
the overall testing experience. Additionally, research has focused on balancing test 
accuracy and security in CAT by employing AI-driven methods to control item 
exposure and maintain the integrity of the assessment process [25]. Furthermore, 
advancements in multidimensional CAT have been proposed, utilizing multidimen-
sional Item Response Theory to assess multiple latent traits simultaneously, thereby 
providing a more holistic evaluation of test-takers’ abilities [26].

2.3  Bayesian psychometrics: Applications in adaptive learning and personalized 
assessments

Bayesian psychometrics has emerged as a powerful framework for enhancing 
adaptive learning and personalized assessments by incorporating probabilistic rea-
soning into psychometric modeling. Unlike traditional approaches that rely on static 
estimates of ability, Bayesian methods continuously update a learner’s proficiency 
based on new evidence, refining predictions in real-time. Bayesian networks facilitate 
dynamic decision-making by modeling dependencies among multiple cognitive skills, 
allowing for a more granular assessment of strengths and weaknesses. Hierarchical 
Bayesian models further enhance this adaptability by accounting for variations at 
multiple levels, such as individual differences, group-level learning patterns, and 
item-level characteristics. These advancements have significantly improved adap-
tive learning systems by enabling more precise, data-driven instructional strategies. 
For instance, AI-powered tutoring systems leverage Bayesian inference to predict 
knowledge retention, optimize question sequencing, and provide timely interventions 
tailored to each learner’s needs. Additionally, Bayesian adaptive assessments enhance 
test efficiency by selecting items that maximize information gain while minimizing 
test length, ensuring both accuracy and engagement. As educational technology 
continues to evolve, integrating Bayesian psychometrics with machine learning and 
big data analytics will further personalize education, making assessments more 
responsive, equitable, and effective in fostering long-term learning outcomes.

2.4  Network psychometrics: Conceptualizing psychological constructs as 
networks

Network psychometrics represents a paradigm shift in psychological measurement 
by conceptualizing psychological constructs as dynamic networks of interconnected 
variables rather than as manifestations of latent traits. Unlike traditional psycho-
metric models that assume a unidirectional relationship between latent traits and 
observed responses, network psychometrics views psychological attributes as emer-
gent properties of interacting components. This perspective is particularly valuable 
in mental health assessments, where symptoms are often interdependent rather than 
stemming from a single underlying disorder. For example, in depression, symptoms 
like insomnia, fatigue, and lack of motivation may reinforce each other, creating feed-
back loops that sustain the disorder. By mapping these interactions, network models 
provide insights into symptom structures, helping clinicians identify key symptoms 
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that drive distress and may serve as intervention targets. Furthermore, recent 
advancements in computational methods, such as graphical LASSO and Bayesian 
network modeling, have enhanced the precision and applicability of network psy-
chometrics across various psychological domains. This approach also aligns with 
person-centered and idiographic methodologies, allowing for individualized assess-
ments that adapt to the unique symptom networks of each person. As psychological 
science embraces complexity, network psychometrics offers a robust framework for 
understanding mental health, personality traits, and cognitive abilities in ways that 
traditional models cannot fully capture.

3.  Applications of modern psychometrics

Psychometrics, the scientific study of psychological measurement, has signifi-
cantly evolved with modern technology. With the advancement of data analytics, 
artificial intelligence (AI), and sophisticated statistical models, psychometrics is now 
widely applied across various fields. This note explores its applications in education, 
clinical psychology, organizational settings, and AI/machine learning (Table 1).

3.1 Applications in education

Modern psychometrics has revolutionized the education sector by enabling 
personalized learning experiences and improving skill assessment methods. Key 
applications include.

3.1.1 Personalized learning platforms

Psychometric tools help tailor educational content according to students’ cognitive 
abilities, learning styles, and preferences. Platforms such as adaptive learning man-
agement systems (LMS) utilize psychometric data to recommend learning pathways, 
ensuring that students receive content at an appropriate difficulty level. For example, 
imagine a middle school student using an adaptive learning platform like DreamBox. 
These platforms analyze the student’s past performance on math problems and tailor 

Field Key applications Description

Education Personalized learning platforms, 
skill assessment, and adaptive 
testing.

Tailors educational content to students’ needs 
and provides dynamic assessments for accurate 
skill measurement.

Clinical 
psychology

Psychological diagnostics, mental 
health screening, and outcome 
prediction.

Diagnoses mental health conditions, screens 
at-risk individuals, and predicts treatment 
effectiveness.

Organizational 
setting

Recruitment and selection, 
employee assessment, and 
performance monitoring.

Enhances hiring processes, evaluates employee 
competencies, and tracks performance metrics.

AI and machine 
learning

Human-computer interaction, user 
profiling, and behavioral prediction.

Improves user experience, personalizes 
content, and predicts human behavior using 
psychometric data.

Table 1. 
Applications of modern psychometrics.
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the difficulty of future questions accordingly. If the student struggles with fractions, 
the system provides additional practice problems and explanatory videos. Conversely, 
if the student excels in algebra, it accelerates their learning path by introducing more 
advanced topics, ensuring an individualized learning experience.

3.1.2 Skill assessment

Standardized testing has evolved with psychometric advancements to measure 
a student’s abilities more accurately. Instead of static assessments, modern systems 
employ Item Response Theory (IRT) to dynamically adjust question difficulty based 
on student responses, providing a more precise evaluation of knowledge and skills. 
For example, the Duolingo English Test (DET) is a modern language proficiency 
exam that adapts to a test-taker’s skill level using psychometric principles. Instead of 
presenting a fixed set of questions, the test dynamically adjusts question difficulty 
based on responses, ensuring a more precise measurement of language abilities. This 
contrasts with traditional standardized exams like the TOEFL or IELTS, which use a 
static question format and may not fully capture the range of a test-taker’s proficiency.

3.1.3 Adaptive testing

Computerized Adaptive Testing (CAT) leverages psychometric models to person-
alize test difficulty in real-time. This enhances both efficiency and accuracy in mea-
suring student proficiency, reducing test-taking time while maintaining reliability. 
For example, the Graduate Management Admission Test (GMAT) uses Computerized 
Adaptive Testing (CAT) to assess candidates’ quantitative and verbal reasoning 
abilities. When a test-taker answers a question correctly, the next question becomes 
more difficult. If they answer incorrectly, the system presents an easier question. This 
method allows the GMAT to evaluate proficiency efficiently, requiring fewer ques-
tions while maintaining accuracy in score estimation. It also minimizes test anxiety by 
ensuring that each examinee faces questions that match their ability level.

3.2 Applications in clinical psychology

Psychometrics is extensively used in clinical psychology for diagnosing mental 
health conditions, screening patients, and predicting treatment outcomes.

3.2.1 Psychological diagnostics

Clinicians use psychometric assessments, such as the Minnesota Multiphasic 
Personality Inventory (MMPI) and Beck Depression Inventory (BDI), to diagnose 
mental health disorders. These tests are designed to identify patterns of behavior 
and cognitive functioning that align with psychological conditions. For example, a 
psychologist evaluating a patient for depression may administer the Beck Depression 
Inventory (BDI-II) to assess the severity of depressive symptoms. The patient’s 
responses help determine whether they meet the clinical criteria for major depres-
sive disorder. Similarly, a clinician diagnosing personality disorders might use the 
Minnesota Multiphasic Personality Inventory (MMPI-2-RF), which provides a 
detailed psychological profile based on scales measuring traits such as paranoia, 
anxiety, and social introversion.
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3.2.2 Mental health screening

Online and digital psychometric tools enable large-scale mental health screenings. 
AI-driven questionnaires and self-report inventories assist healthcare providers in 
identifying individuals at risk for conditions like depression, anxiety, or PTSD, allow-
ing for early intervention. For example, a university counseling center implements 
an AI-driven mental health screening tool that students can access online. The tool 
utilizes a combination of self-report questions and machine learning algorithms to 
detect early signs of anxiety and depression. If a student’s responses indicate moder-
ate to severe distress, the system automatically refers them to a counselor for further 
evaluation. This approach allows for large-scale early detection and intervention.

3.2.3 Outcome prediction

Predictive analytics in psychometrics helps gauge the effectiveness of treatments 
based on patient responses to psychological tests. By analyzing historical patient data, 
clinicians can anticipate treatment success rates and adjust therapeutic strategies 
accordingly. For example, a psychiatrist treating patients with generalized anxiety 
disorder uses predictive analytics to determine which treatment plan is most likely to 
be effective. By analyzing data from previous patients who have taken the Generalized 
Anxiety Disorder-7 (GAD-7) scale, the system predicts whether a particular patient 
will respond better to cognitive-behavioral therapy (CBT) or medication. Based on 
these insights, the psychiatrist tailors the treatment plan to improve the likelihood of 
success.

3.3 Applications in organizational settings

Businesses and organizations employ psychometric techniques for workforce 
management, ensuring optimal hiring decisions and performance tracking.

3.3.1 Recruitment and selection

Companies utilize psychometric assessments such as aptitude tests, personality 
inventories, and cognitive ability tests to predict candidate job performance. These 
tests help organizations make data-driven hiring decisions, improving workforce 
quality. For example, a multinational tech company like Google utilizes psychometric 
assessments to streamline its hiring process. Candidates applying for software engi-
neering roles undergo cognitive ability tests assessing problem-solving skills, logical 
reasoning, and numerical aptitude. Additionally, personality inventories like the Big 
Five model help identify traits such as conscientiousness and openness, ensuring 
cultural fit and predicting long-term job performance. By leveraging psychometric 
techniques, Google minimizes hiring biases and selects candidates who align best with 
the company’s values and job requirements.

3.3.2 Employee assessment

Modern psychometrics aids in evaluating employee competencies, strengths, 
and areas requiring development. Many firms incorporate psychometric evaluations 
in annual performance reviews to enhance productivity and align employee skills 
with job roles. For example, a financial services firm like JP integrates psychometric 
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evaluations into its annual performance reviews. Employees take skills-based tests 
measuring their analytical reasoning, leadership potential, and adaptability to fast-
changing financial markets. Additionally, emotional intelligence (EQ ) assessments 
help managers understand an employee’s interpersonal strengths and areas needing 
improvement. By using these insights, the company tailors professional development 
plans, offering targeted training programs to enhance employee competencies.

3.3.3 Performance monitoring

Continuous psychometric tracking allows organizations to assess employee 
engagement, motivation, and job satisfaction. Tools like 360-degree feedback assess-
ments help in identifying areas where interventions are needed to maintain a healthy 
work environment. For example, a global retail giant like Amazon employs continu-
ous psychometric tracking to measure employee engagement and job satisfaction. 
Tools such as Gallup’s Q12 engagement survey and 360-degree feedback mechanisms 
collect insights from peers, subordinates, and managers, identifying strengths and 
performance gaps. If the data reveals declining motivation in warehouse employees, 
targeted interventions—such as workload restructuring or wellness programs—are 
introduced to improve morale and productivity. This approach fosters a proactive 
work culture, ensuring employee well-being and sustained high performance.

3.4 Applications in AI and machine learning

With the rise of AI, psychometrics has become an essential tool in human-com-
puter interaction, user profiling, and behavioral analytics.

3.4.1 Human-computer interaction

AI-driven psychometric assessments improve user experience by analyzing 
cognitive patterns and preferences. AI systems adapt interfaces and functionalities to 
user behavior, enhancing usability and engagement. For example, adaptive learning 
platforms: AI-driven psychometric assessments are widely used in adaptive learn-
ing systems like Duolingo and Coursera. These platforms analyze users’ cognitive 
patterns, learning speed, and engagement levels to personalize lesson difficulty and 
content delivery. By understanding whether a learner struggles with a particular 
topic, the AI adapts the interface, provides tailored exercises, and suggests optimal 
learning paths, improving the overall user experience and retention.

3.4.2 User profiling

Psychometric models are integrated into AI systems to understand user traits, 
preferences, and behaviors. Social media platforms and e-commerce websites use 
these insights to personalize recommendations and advertisements. For example, 
streaming services like Netflix and Spotify leverage psychometric-based AI models to 
analyze user preferences, moods, and behavior. For instance, Spotify’s recommenda-
tion engine assesses users’ listening habits, frequency of song skips, and engagement 
with different genres to curate personalized playlists. Similarly, Netflix uses psy-
chometric profiling to suggest content based on users’ viewing history, personality-
based engagement, and past interactions, leading to more relevant and engaging 
recommendations.
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3.4.3 Behavioral prediction

AI utilizes psychometric data to predict human decision-making patterns. This is 
particularly beneficial in fields such as cybersecurity (for detecting potential threats) 
and finance (for risk assessment in investments and lending). For example, financial 
institutions like JP and PayPal use AI-powered psychometric models to detect fraudu-
lent transactions and assess credit risk. By analyzing a user’s spending behavior, 
transaction history, and digital footprint, AI predicts deviations from normal finan-
cial behavior, flagging potential fraud. Additionally, psychometric insights help assess 
a borrower’s likelihood of loan repayment, factoring in behavioral patterns, social 
media activity, and even linguistic analysis of loan applications to make risk assess-
ments more accurate.

4.  Challenges in contemporary psychometrics

Psychometrics, the field of study concerned with the theory and technique of psy-
chological measurement, has evolved significantly with advancements in data science 
and artificial intelligence. However, contemporary psychometrics faces numerous 
challenges that impact the validity, reliability, and ethical use of psychological assess-
ments. Four major challenges in this field include data privacy and security, fairness 
and bias, interpretability, and ethical considerations. Each of these aspects presents 
unique obstacles and demands careful attention from researchers, practitioners, and 
policymakers.

4.1 Data privacy and security: Ensuring participant data remains protected

With the growing use of digital psychometric assessments, safeguarding partici-
pant data has become a critical challenge. Online assessments, cloud-based storage, 
and automated scoring systems have increased the risk of data breaches, unauthor-
ized access, and misuse of sensitive information.

4.1.1 Risk of data breaches

The storage and transmission of psychometric data on digital platforms make it 
susceptible to cyberattacks. Hackers can exploit vulnerabilities to access personal 
and psychological profiles, leading to identity theft or manipulation. For example, in 
2021, a major online mental health assessment platform experienced a data breach in 
which hackers accessed thousands of psychological evaluations. The breach exposed 
sensitive participant responses, including details about mental health conditions and 
personality traits. This incident raised concerns about the security of digital psycho-
metric assessments and highlighted the need for stronger encryption measures and 
cybersecurity protocols.

4.1.2 Regulatory compliance

Psychometric assessments must adhere to data protection laws such as the 
General Data Protection Regulation (GDPR) in Europe and the Health Insurance 
Portability and Accountability Act (HIPAA) in the United States. Ensuring 
compliance with these regulations is complex, especially when assessments are 
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administered globally. For example, a multinational company deploying a pre-
employment psychometric test faced legal challenges when it failed to comply 
with GDPR. Since the test collected behavioral and cognitive data from applicants 
in the EU, the company was required to ensure explicit consent, data portability, 
and the right to erasure. However, due to a lack of compliance mechanisms, the 
company was fined and had to redesign its assessment process to align with data 
protection regulations.

4.1.3 Anonymization and encryption

To protect participant identities, psychometric data should be anonymized and 
encrypted. However, achieving a balance between data utility and privacy remains 
a challenge. For example, a university conducting large-scale psychological research 
implemented advanced encryption protocols to protect participant data. Before 
storing responses in a cloud-based system, the researchers removed personally 
identifiable information and replaced it with anonymized codes. However, the chal-
lenge arose when some researchers needed identifiable data for follow-up studies, 
forcing them to establish a secure re-identification process while maintaining privacy 
safeguards.

4.1.4 Informed consent

Many test-takers are unaware of how their data will be used. Transparent commu-
nication about data collection, storage, and sharing practices is essential to maintain-
ing trust and ethical integrity. For example, a popular mobile app offering personality 
assessments was criticized when users discovered their data was being sold to third-
party companies for targeted advertising. Although the app included a terms-of-ser-
vice agreement, it was lengthy and complex, leading many users to consent without 
fully understanding the implications. Following public backlash, the company revised 
its consent process by introducing a simplified, transparent disclosure explaining how 
data would be stored, used, and shared.

4.2  Fairness and bias: Addressing disparities in test outcomes across 
demographics

Bias in psychometric assessments can result in unfair disadvantages for certain 
demographic groups, leading to discrimination in educational, employment, and 
clinical settings.

4.2.1 Cultural and linguistic bias

Many standardized tests are designed for specific cultural and linguistic 
groups, leading to disparities in performance for individuals from different 
backgrounds. For example, a widely used intelligence test includes verbal reason-
ing items that require familiarity with idiomatic English expressions. Test-takers 
who are non-native English speakers or come from culturally diverse backgrounds 
may struggle with these questions, not because of cognitive limitations but due to 
differences in linguistic exposure. As a result, their scores may be lower, leading 
to misinterpretations of their intellectual abilities and unfair disadvantages in 
educational placements.
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4.2.2 Algorithmic bias

As machine learning models are increasingly used for test scoring and interpreta-
tion, biases embedded in training data can lead to skewed outcomes that disadvantage 
minority groups. For example, a company implements an AI-driven hiring assessment 
that predicts job performance based on past successful applicants. If historical hiring 
data disproportionately favors one demographic group (e.g., men over women), 
the algorithm may learn to prioritize candidates from that group, unintentionally 
discriminating against equally qualified female candidates. This bias can perpetuate 
systemic inequalities in hiring, even if the company did not intend to discriminate.

4.2.3 Socioeconomic disparities

Test-takers from lower socioeconomic backgrounds may have limited access to 
preparatory resources, resulting in lower scores that do not accurately reflect their 
true potential. For example, standardized college entrance exams often correlate with 
access to expensive test prep courses, tutoring, and high-quality schooling. A student 
from a low-income background, who lacks these resources, may score lower than a 
wealthier peer despite having similar intelligence and academic potential. This score 
disparity can limit their college opportunities, reinforcing social inequities rather 
than measuring true ability.

4.2.4 Mitigating bias

Strategies such as differential item functioning (DIF) analysis, diverse sample 
representation, and bias-aware algorithmic design can help reduce disparities and 
enhance fairness in assessments. For example, to address fairness in standardized 
testing, educational institutions implement differential item functioning (DIF) 
analysis, which examines whether test questions function differently for differ-
ent demographic groups despite equal ability levels. Additionally, AI-based hiring 
assessments can be trained on diverse datasets and evaluated for bias before deploy-
ment. Universities and organizations also introduce income-based fee waivers and 
free test prep resources to level the playing field for test-takers from disadvantaged 
backgrounds.

4.3 Interpretability: Balancing complexity with transparency for end users

Advancements in psychometrics, particularly with AI-driven assessments, have 
led to increased complexity in test design and interpretation. However, ensuring that 
test results are understandable to both professionals and test-takers remains a signifi-
cant challenge.

4.3.1 Black box models

Many modern psychometric tools use machine learning algorithms that provide 
highly accurate predictions but lack transparency, making it difficult for users to 
understand how decisions are made. For example, a company develops an AI-driven 
hiring assessment that predicts job performance based on psychometric test results and 
workplace behavior patterns. The algorithm uses deep learning, but hiring managers 
cannot understand why certain candidates are recommended over others. Without 
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transparency, there is concern about potential bias and fairness in the selection process, 
leading to hesitation in fully trusting the tool.

4.3.2 User-friendly reporting

Test results should be presented in a clear and accessible manner for educators, 
employers, and clinicians. Complex statistical outputs should be translated into 
actionable insights. For example, a school implements a new computerized adaptive 
test for student learning assessments. Instead of providing raw statistical scores (e.g., 
factor loadings or percentile ranks), the results are presented in an easy-to-read dash-
board. The report highlights strengths and areas for improvement using visual aids 
like progress bars and recommendations for personalized learning strategies, making 
the data actionable for teachers and students.

4.3.3 Trade-off between accuracy and simplicity

While advanced models improve precision, simpler models are often preferred 
for practical application. Finding a balance between sophistication and usability is a 
key challenge. For example, a mental health platform offers two depression screening 
tools: a simple 10-item self-report scale and a more sophisticated AI-driven adaptive 
test that adjusts questions based on previous answers. While the AI model provides 
highly precise assessments, many clinicians prefer the simpler tool because it is faster 
to administer and easier to explain to patients, demonstrating the challenge of balanc-
ing precision with practicality.

4.3.4 Training and education

End users, including HR professionals and clinicians, need proper training in 
interpreting psychometric data responsibly to avoid misinterpretation and misuse. 
For example, an HR department adopts a new psychometric assessment for employee 
leadership potential. Without adequate training, HR staff misinterpret the results, 
believing that lower scores indicate an employee’s inability to lead rather than areas 
for development. To prevent misinterpretation, the company organizes workshops 
to teach HR professionals how to properly interpret test results and apply them in 
decision-making responsibly.

4.4  Ethical considerations: Implications for using psychometric assessments in 
sensitive contexts

The application of psychometric assessments in sensitive contexts, such as mental 
health diagnosis, employment screening, and legal settings, raises significant ethical 
concerns.

4.4.1 Informed consent and autonomy

Participants must have full knowledge of how their data will be used and retain 
the right to withdraw from assessments without consequences. For example, a univer-
sity conducts a large-scale mental health survey among students to assess stress levels 
and psychological well-being. However, students later discovered that their responses 
were shared with faculty members without their explicit consent, leading to concerns 
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about privacy and autonomy. Ethical guidelines emphasize that participants should be 
fully informed about data usage and have the right to opt out without facing academic 
or institutional consequences.

4.4.2 Misuse in employment and education

Organizations may use psychometric results to unfairly exclude candidates, 
leading to discrimination and ethical violations. For example, in 2017, a lawsuit was 
filed against a major corporation for using a personality test in hiring that dispro-
portionately screened out candidates with certain mental health conditions. The test 
results were used to reject applicants who displayed traits associated with anxiety or 
depression, raising concerns about workplace discrimination. Similarly, some univer-
sities have been criticized for using cognitive ability tests in admissions in ways that 
reinforce socioeconomic disparities.

4.4.3 Psychological harm

Poorly designed assessments or misinterpretation of results can cause psycho-
logical distress to individuals, affecting their self-esteem and decision-making. For 
example, a school implements a high-stakes intelligence assessment to track students 
into gifted programs. A student who scores lower than expected experiences signifi-
cant self-doubt and anxiety, leading to a decline in academic performance. Similarly, 
in clinical settings, individuals receiving inaccurate or overly rigid psychological test 
interpretations may develop negative self-perceptions, impacting their mental well-
being and life choices.

4.4.4 Regulatory oversight

There is a need for clear ethical guidelines and oversight mechanisms to ensure the 
responsible use of psychometric assessments in various domains. For example, the 
use of psychometric assessments in forensic psychology has been scrutinized in legal 
cases where unreliable psychological tests influenced court decisions. For instance, 
the Minnesota Multiphasic Personality Inventory (MMPI) has been used in child 
custody disputes and parole hearings, sometimes without sufficient validation for 
those specific contexts. In response, organizations like the American Psychological 
Association (APA) and the Equal Employment Opportunity Commission (EEOC) 
have established guidelines to regulate the ethical use of these assessments, ensuring 
fairness and accountability.

5.  Future directions in psychometrics

Psychometrics, the field of study focused on the theory and technique of psycho-
logical measurement, has evolved dramatically over the years. As technology contin-
ues to advance, the discipline is expanding into new areas, bringing innovative tools, 
approaches, and methodologies. The future of psychometrics is poised to incorporate 
cutting-edge technologies such as artificial intelligence (AI), wearable devices, and 
big data analytics, while also extending its reach globally through cross-cultural 
assessments. This chapter will explore several future directions in psychometrics, 
focusing on four key themes: the potential of AI in psychometric test development 
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and analysis, integrating psychometrics with wearable technology and big data, 
predictive psychometrics for behavior prediction, and the opportunities for psycho-
metrics in global and cross-cultural assessments.

5.1 Potential of AI in psychometric test development and analysis

Artificial intelligence (AI) has become a transformative force in many fields, and 
psychometrics is no exception. The integration of AI into psychometric test develop-
ment and analysis presents exciting possibilities for improving the precision, acces-
sibility, and efficiency of assessments.

5.1.1 AI-driven test development

AI has the potential to revolutionize the way psychometric tests are created. 
Traditional test development is a time-consuming process that requires careful item 
construction, validation, and pilot testing. AI can streamline this process by analyz-
ing large datasets of test responses to identify patterns, trends, and correlations that 
would be difficult for human designers to detect. Machine learning algorithms can 
suggest test items that are likely to provide the most reliable and valid measures of a 
specific construct. Additionally, AI can optimize test item selection by ensuring that 
items are balanced across different subgroups of test-takers, enhancing fairness and 
inclusivity in assessments.

AI can also help in the process of Item Response Theory (IRT) modeling, which 
is widely used in psychometrics for assessing the relationship between test items and 
latent traits. By using AI-based methods, psychometricians can more easily model the 
complex, nonlinear relationships between item responses and latent traits, leading to 
more precise and individualized assessments.

5.1.2 Real-time data analysis and feedback

AI can be leveraged to provide real-time data analysis and feedback during the 
testing process. This means that psychometric tests can be continuously monitored 
for signs of bias, fatigue, or inconsistencies in response patterns, allowing for 
immediate adjustments to be made to ensure that the assessment remains valid and 
reliable throughout its administration. This capability can significantly enhance the 
testing experience, making it more adaptive and responsive to the needs of individual 
test-takers.

Moreover, AI-driven platforms can analyze patterns in responses to suggest areas 
for further exploration or development, thus improving the overall utility of psycho-
metric tests. This data-driven approach could lead to the creation of more accurate, 
personalized, and predictive assessments of psychological traits.

5.2 Integrating psychometrics with wearable technology and big data

Wearable technology, such as fitness trackers, smartwatches, and biosensors, has 
become increasingly popular in recent years. These devices can provide continuous 
streams of physiological data, which can be invaluable for psychometricians seek-
ing to understand the relationship between physical and psychological states. When 
integrated with psychometric assessments, wearable technology offers a new frontier 
for measuring psychological constructs.
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5.2.1 Physiological data integration

Wearable devices capture a wide range of physiological data, including heart rate, 
skin conductance, sleep patterns, and physical activity. By integrating these physi-
ological indicators with psychometric assessments, researchers and clinicians can 
gain deeper insights into how these physiological markers are related to psychological 
traits, such as stress, anxiety, or cognitive performance. For example, researchers 
could use data from a smartwatch to measure a person’s stress levels during a test or 
their emotional responses to specific stimuli, providing an additional layer of infor-
mation that complements traditional self-report measures.

This integration allows for a more holistic approach to psychological measure-
ment, where psychometrics no longer relies solely on self-reported data or structured 
interviews but also incorporates real-time biological indicators. This can enhance the 
ecological validity of assessments by capturing data in naturalistic settings, outside of 
laboratory conditions.

5.2.2 Big data analytics

The advent of big data has opened up new opportunities for psychometrics. With 
the ability to collect and analyze vast amounts of data, psychometricians can examine 
large datasets from diverse populations, allowing for the identification of trends and 
patterns that may not have been apparent in smaller, more homogenous samples. Big 
data analytics enables the development of more robust models of psychological traits 
that are based on a wider range of data sources, including social media interactions, 
online behavior, and health data.

Through the use of machine learning and data mining techniques, psychometri-
cians can uncover hidden relationships between psychological constructs and other 
variables, such as environmental factors, genetics, or life experiences. These insights 
could lead to more predictive and personalized psychometric models, offering the 
potential to assess not only psychological traits but also the ways in which these traits 
evolve over time.

5.2.3 Personalized psychometrics

The combination of wearable technology and big data can facilitate per-
sonalized psychometrics, where assessments are tailored to the individual. By 
continuously monitoring a person’s physiological and behavioral responses over 
time, psychometric systems can dynamically adjust to provide assessments that 
are unique to each person’s needs, context, and psychological state. Personalized 
assessments could help to provide more accurate and context-sensitive results, 
allowing clinicians and researchers to gain a deeper understanding of an indi-
vidual’s psychological functioning.

5.3  Predictive psychometrics: Leveraging psychometric models for behavior 
prediction

Predictive psychometrics involves the use of psychometric models to predict 
future behavior or outcomes based on an individual’s psychological traits. This has 
significant implications for various fields, including education, healthcare, and 
organizational psychology.
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5.3.1 Predicting academic and career success

One of the most promising applications of predictive psychometrics is in the 
prediction of academic and career success. Traditional psychometric tests, such as 
intelligence tests or personality assessments, have been used for decades to predict 
performance in specific domains. However, predictive psychometrics takes this a step 
further by integrating multiple data sources—such as past performance, behavioral 
patterns, and psychological traits—to predict future outcomes more accurately.

In education, predictive models could help identify students at risk of academic 
underperformance or those in need of additional support, allowing for early inter-
vention and personalized learning strategies. Similarly, in the workplace, predictive 
psychometrics could be used to assess job candidates’ likelihood of success in specific 
roles or predict how an individual’s career trajectory may unfold based on their cogni-
tive abilities, personality traits, and emotional intelligence.

5.3.2 Personalized interventions

Predictive psychometrics can also play a crucial role in the development of per-
sonalized interventions. By understanding the psychological traits and behaviors that 
predict certain outcomes, mental health professionals can tailor therapeutic interven-
tions to the unique needs of each individual. For example, predictive models could 
help determine which types of therapy are most likely to be effective for a particular 
individual based on their personality traits and behavioral patterns.

5.3.3 Early detection of psychological disorders

Another potential application of predictive psychometrics is in the early detection 
of psychological disorders. Using predictive models based on data from psychometric 
tests and other sources, it may be possible to identify individuals who are at risk for 
developing mental health conditions, such as depression, anxiety, or substance abuse. 
Early detection could lead to timely interventions that could prevent or mitigate the 
onset of these disorders, improving overall mental health outcomes.

5.4 Opportunities for psychometrics in global and cross-cultural assessments

As psychometrics continues to expand globally, there is a growing need for assess-
ments that are culturally sensitive and relevant across different regions and popula-
tions. Cross-cultural psychometrics offers an exciting opportunity to develop tools 
that can measure psychological traits and behaviors in diverse cultural contexts.

5.4.1 Cultural sensitivity in test design

One of the challenges in cross-cultural psychometrics is ensuring that tests are cul-
turally appropriate and fair. Traditional psychometric assessments, which are often 
developed in Western contexts, may not always be suitable for use in non-Western 
cultures due to differences in language, values, and social norms. As a result, there is a 
need for more culturally sensitive test design that takes into account these differences 
while maintaining the validity and reliability of the assessment.

AI and machine learning can play a crucial role in this process by analyzing large, 
diverse datasets to identify culturally relevant items and response patterns. These 



Contemporary Psychometrics – New Developments and Applications

20

technologies can help create assessments that are more inclusive and provide mean-
ingful measures of psychological traits across different cultural contexts.

5.4.2 Global collaboration and data sharing

The future of psychometrics will likely involve increased collaboration across borders, 
with researchers and organizations from different countries working together to develop 
and validate psychometric assessments. Global collaborations can lead to the creation of 
more universally applicable tests, as well as the sharing of large, diverse datasets that can 
help improve the accuracy and generalizability of psychometric models.

Big data and AI can facilitate this global collaboration by enabling the collection 
and analysis of data from a variety of cultural contexts. This data can then be used to 
refine psychometric assessments, ensuring that they are applicable and meaningful 
for people from different cultural backgrounds.

5.4.3 Addressing global mental health issues

Psychometrics also holds promise for addressing global mental health issues. By 
developing culturally sensitive assessments, psychometric tools can help identify 
mental health challenges in diverse populations and provide valuable insights for 
designing targeted interventions. Global mental health initiatives can benefit from 
psychometric assessments that capture a wide range of psychological traits and 
behaviors, enabling more accurate diagnoses and effective treatments.

6.  Conclusion

The field of psychometrics has undergone a significant transformation, evolving 
from traditional Classical Test Theory (CTT) to more sophisticated models such as 
Item Response Theory (IRT), Bayesian psychometrics, and network psychometrics. 
These advancements have enabled more precise measurement of psychological 
constructs and have expanded applications across diverse fields, including educa-
tion, clinical psychology, organizational settings, and artificial intelligence. Modern 
psychometrics is increasingly driven by technological advancements, including 
AI, machine learning, and big data analytics. These innovations have improved the 
accuracy, efficiency, and adaptability of psychological assessments, making them 
more relevant in today’s data-driven world. However, contemporary psychometrics 
also faces critical challenges, such as ensuring data privacy, reducing bias, maintain-
ing interpretability, and addressing ethical concerns. Looking ahead, the integration 
of psychometrics with wearable technology, predictive analytics, and cross-cultural 
assessments offers promising opportunities for more personalized and globally 
applicable psychological measurements. The continued evolution of psychometric 
methodologies will be essential in addressing the growing demand for fair, accurate, 
and context-sensitive assessments in various domains.
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Chapter 2

Psychometric Network Analysis: 
An Alternative Approach to 
Understanding Psychosocial 
Systems
María Inés Acuña and Silvina Alejandra Brussino

Abstract

This chapter examines psychometric network analysis (PNA), an innovative 
approach that conceptualizes psychological constructs as networks of interconnected 
variables. It emphasizes the importance of understanding the relationships among 
these variables, represented as nodes and edges in a network, to capture the complex-
ity of psychological phenomena. The study highlights how researchers use PNA to 
analyze multivariate data collected at a single time point, particularly in psychometric 
assessments where they simultaneously assess multiple variables. PNA facilitates the 
exploration of conditional dependencies among variables, allowing researchers to 
visualize and interpret the intricate interactions within complex constructs such as 
political sophistication. Additionally, the chapter addresses the challenges associated 
with PNA, including the need for careful interpretation of causal relationships and 
the potential risk of overemphasizing psychometric analysis at the expense of the 
underlying theoretical frameworks. Ultimately, the chapter advocates for a balanced 
approach that integrates network analysis with traditional psychometric methods, 
fostering a deeper understanding of psychosocial constructs and their interactions 
while paving the way for future advancements in psychological networks.

Keywords: mereological model, psychometric network analysis, psychosocial 
phenomena, graphic Gaussian model, political sophistication

1.  Introduction

In contemporary psychometrics, network models are valuable alternatives for 
understanding complex and multidimensional interactions [1]. A psychometric 
network uses network theory to represent the relationships between psychological 
variables, such as beliefs, attitudes, or personality traits. In such networks, nodes 
represent psychological variables, while edges denote the relationships or influences 
among them.

Psychometric networks thus significantly contribute to understanding the 
structural nature of psychological constructs as systems [2]. Additionally, they are 
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beneficial for identifying patterns in behavior, content, beliefs, attitudes, and opin-
ions [3], as well as other elements emerging from complex and dynamic interactions. 
Socially acquired characteristics shape these interactions, embedding them within 
diverse cultural contexts, as evident in psychosocial processes.

In this context, considering network approaches as an alternative to classical psy-
chometric perspectives is particularly relevant, as they provide an innovative frame-
work for capturing the complexity of psychological constructs. This approach enables 
their conceptualization and operational modeling as integrated systems through a 
detailed analysis of their elements, interactions, and functions within the network. 
Rather than attributing system dynamics to a single component or construct, the 
network approach assumes that such dynamics emerge from collective interactions 
organized within a network structure functioning as a complex whole. Consequently, 
network models significantly expand the possibilities of achieving a more compre-
hensive understanding of interactions in study designs and for specific groups within 
a research context exam [2, 4].

Over the past few decades, notable progress in psychometrics has established 
network models as a mereological approach, complementing latent models with an 
emphasis on specific variance between pairs [2, 5, 6]. Furthermore, theoretical, meth-
odological, and technological advances, alongside open and free access to academic 
resources, materials, and software programs, reflect a continuous commitment to 
exploring the potential and overcoming the challenges of this expanding approach [4, 7].

Traditionally, the design and adaptation of techniques to measure attitudes, biases, 
cognition, values, political ideology, polarization, and other psychosocial variables 
rely on standardized procedures based on latent models [8, 9]. These models do not 
always align conceptually, statistically, or empirically [2, 10, 11]. Numerous instru-
mental studies hypothesize constructs based on formative or reflective parameters 
without recognizing the systemic nature of the theoretical model [12]. As a result, 
unidimensional and bidimensional models proposed for the same scale often reflect 
contextual variability and a mereological relationship among their elements (e.g., 
need for cognition, cognitive reflection, and political extremism). Statistical model-
ing of constructs while avoiding the pragmatic nihilism noted by Fried [13] requires 
reconciling conceptual substance with statistical criteria (e.g., modification criteria 
such as cross-loadings or covariance between unique factors) [5, 14].

Borsboom and Borsboom et al. [14, 15] addresses this issue by highlighting the 
frequent confusion between statistical and scientific inference in psychometrics. He 
argues that equating statistical models with substantive theoretical objectives reduces 
inferential purposes to mere model parameterization, reducing theoretical constructs 
to a secondary role. Network theory provides substantive interpretations and specifica-
tions that explain phenomena through the interaction of their components. The net-
work model conceptualizes constructs as interconnected networks, wherein changes in 
one element or context induce alterations in system-wide interactions. Fundamentally, 
network analysis offers a robust exploratory framework to shape construct structures 
based on empirical data. This approach allows a more comprehensive and dynamic 
understanding by integrating theory with methodological and statistical decisions.

2.  Psychometric network analysis

Psychometric network analysis (PNA) redefines the construct as a “network 
construct.” It examines multivariate structures by integrating statistical models that 
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facilitate the estimation, description, and evaluation of stability and accuracy in 
estimation [16, 17]. A network (or graph in mathematical literature) is an abstract 
representation of a system consisting of entities or variables known as nodes 
connected by edges. Nodes may represent various elements, such as individuals, 
symptoms, or evaluative reactions, while edges symbolize relationships, such as 
friendships, information flows, associations, or direct causal connections. The defin-
ing characteristics of psychometric networks include two points: (1) nodes represent 
variable estimates, and (2) covariance among indicators is interpreted as the outcome 
of direct interactions within the network. This approach enables the identification of 
conditional dependency patterns and their role within the system while also reducing 
statistical complexity through visual representation [14, 16, 18].

Borsboom and colleagues [2] identified three study designs commonly found 
in social sciences where psychometric network analysis (PNA) can be effectively 
applied: cross-sectional networks, longitudinal networks utilizing panel data, and 
time-series networks. In cross-sectional networks, PNA aims to reveal the multi-
variate patterns of conditional dependencies that define the joint distribution of 
variables at various levels of aggregation. The applicable statistical procedures for 
this data type include the Ising model, the Gaussian graphical model (GGM), and 
the mixed graphical model (MGM). The Ising model uses raw data as input, the 
GGM utilizes the variance-covariance or correlation matrix, and the MGM also 
works with raw data [19].

In the panel data design, a limited set of repeated measures reflects both the 
association structure of variables at specific time points and how these conditional 
dependencies evolve. This design can help clarify the structure of individual differ-
ences and intra-individual changes simultaneously. The statistical procedure typically 
used for this data type is the multilevel graphical vector autoregression [2, 19].

Lastly, time-series data, which can encompass one or multiple individuals, illus-
trate the multivariate dependencies among the time series of variables assessed within 
individuals. Researchers most commonly employ PNA in scenarios aimed at under-
standing the dynamic structure of systems. Like the panel data design, the statistical 
procedure used for time-series data is also the multilevel graphical vector autoregres-
sion. While cross-sectional data can be analyzed independently using assumptions 
that allow for population-sample logic, time-series data necessitate a model that 
accounts for dependencies between data points [2]. Additionally, it is important to 
consider that the input matrix depends on the specific estimation routines used in R 
packages (e.g., psychonetrics, qgraph) for analyzing each model [2, 19].

In cross-sectional research designs, PNA utilizes data collected at a single time 
point, where edges represent conditional associations among simultaneously mea-
sured variables within a large sample. This approach helps study the psychometric test 
structure and analyze multiple variables from questionnaire data [14].

A network derived from cross-sectional multivariate data represents the pairwise 
Markov random fields (PMRF) model, which captures the joint probability distri-
bution of variables in an undirected network [2, 20, 21]. In PMRF, nodes (circles) 
represent variables, and edges indicate conditional associations, which can be positive 
or negative. Blue, green, and red lines typically represent these associations. If other 
variables in the network fully explain the relationship between two variables, the 
model depicts the nodes as disconnected. Researchers estimate PMRF using Gaussian 
graphical models (GGM), which parameterize network edges as partial correlation 
coefficients for continuous data. The Ising model is used for binary data to parameter-
ize edges as log-linear relationships. They can combine these into mixed graphical 
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models (MGM), where they parameterize edges as coefficients in a generalized linear 
regression model to incorporate different data types [1, 22].

The interpretation of PMRF networks can be in various ways: as a statistical 
modeling framework, a representation of predictive relationships, a tool for identi-
fying causal structures through conditional independencies, or an exploratory tool 
for understanding relationships without assuming a specific causal model. However, 
these interpretative possibilities can be incompatible and may conflict when 
research questions lack clarity. Therefore, if the goal is to examine the correlational 
structure, the analytical methodology must differ from that used to analyze system 
dynamics [21].

The PNA procedure consists of three sequential phases: (a) estimation of network 
structure, (b) description of network characteristics, and (c) stability and central-
ity assessment. In the first phase, node selection depends on substantive conceptual 
criteria, while edge selection depends on statistical theory applied to estimate condi-
tional associations [23, 24].

In the GGM or partial correlation model, due to sample variations and the rarity 
of exact zero matrices, statistical regularization techniques such as Least Absolute 
Shrinkage and Selection Operator (LASSO) are required [25]. This technique 
estimates a range of networks, requiring optimization of data fit, for which the 
Extended Bayesian Information Criterion (EBIC) is recommended [26]. Finally, 
the EBICglasso function calculates the sparse graphical model using an EBIC-based 
tuning parameter and uses the Fruchterman-Reingold algorithm for the network 
visualization [16, 24, 27].

The second phase includes a topological description of the network, focusing on 
global features (e.g., density, dispersion) and local centrality features (e.g., strength, 
closeness) [18, 24]. Although social network models employ centrality measures 
such as betweenness, closeness, and strength in psychological networks, researchers 
should consider metrics that analyze the specific role of nodes. These metrics include 
expected influence, node predictability, stabilization, communication, strength, and 
closeness [2, 24]. These measures offer a different perspective on a node’s role, making 
them helpful in addressing various research questions [28].

In the final phase, attention is paid to the consistency of parameter estimates 
across different samples because network parameters, edge weights, and centrality 
indices are subject to sampling variation. Researchers consider network estimation 
stable when it produces similar results with new samples, and they estimate precision 
by examining how closely the values approximate the true population parameters. 
Thus, larger sample sizes would allow more precise estimates. Ultimately, stability 
and precision checks require validation using bootstrapping or Bayesian sampling 
methods to assess and visualize uncertainty around parameter estimates. However, 
despite the use of these procedures, we should consider that model conditions 
may introduce an additional level of variability, complicating the interpretation of 
these estimates [23, 24, 29]. In the final phase, attention is paid to the consistency 
of parameter estimates across different samples because network parameters, edge 
weights, and centrality indices are subject to sampling variation. From this perspec-
tive, researchers consider network estimation stable when it produces results similar 
to those of new samples. They estimate precision by comparing estimated values to 
the true population parameters.

Thus, larger sample sizes would allow more precise estimates. Ultimately, stability 
and precision checks require validation using bootstrapping or Bayesian sampling 
methods to assess and visualize uncertainty around parameter estimates. However, 
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despite the use of these procedures, we should consider that model conditions may 
introduce an additional level of variability, complicating the interpretation of these 
estimates [23, 24, 29].

3.  Networks and psychosocial systems

As previously noted, approaching constructs from the psychometric network 
perspective involves considering specifications and interpretations related to systems 
as complex structures with properties of homeostatic property clusters.

That is, structures whose elements tend to cluster due to underlying causal 
processes, resulting in groupings that are not entirely deterministic but probabilistic 
and consistent [13].

Thus, we will focus on three of the most relevant network developments in social 
psychology. One is the Causal Attitude Network model, which conceptualizes atti-
tudes as complex networks of interconnected evaluative reactions. In this perspective, 
researchers do not see attitudes as unidimensional entities but as networks of evalua-
tive reactions toward an attitude object, such as beliefs, feelings, and behaviors. These 
reactions are interrelated and can influence each other [30].

On the other hand, the theory of belief dynamics (the Theory of Individual and 
Social-Level Belief Dynamics) posits that personal and social beliefs are intercon-
nected. Furthermore, the quest to reduce dissonance corresponds to an increase in 
consistency between personal beliefs and the beliefs of the social group [3]. Finally, 
the Attitudinal Entropy Framework is a conceptual framework that seeks to under-
stand individual attitudes through an approach based on information theory and 
thermodynamics. The AE theory has significant psychological implications, offering 
a new approach to studying how individuals form, change, and maintain attitudes. 
By understanding attitudes as dynamic systems seeking equilibrium, researchers can 
develop more effective strategies to address issues such as ambivalence and decisional 
conflict in decision-making [31].

These theories are supported by empirical studies on these dynamics concern-
ing phenomena such as group consensus, polarization, radicalization, minority 
influence, political orientations, attitudes, voting decisions, and political com-
munication, among others that benefit from a mereological approach in their 
analysis [32–36].

3.1 Political sophistication networks (PS)

This section explores the concept of PS from the network model through a mereo-
logical analysis of its structure. Researchers must account for conceptual and instru-
mental diversity and incorporate more frequent measurement models to analyze 
multivariate patterns of dependence and node relevance in two subsamples. Data 
obtained within the framework of a political culture study with probabilistic samples 
from two cities in Argentina are considered for this purpose [37].

Over six decades ago, literature on political behavior began to incorporate PS, 
highlighting key relationships and effects in various models proposed by social sci-
ences and political psychology [38–42]. However, there is no consensus on its precise 
definition and appropriate measurement methods.

To organize these conceptual possibilities, Gallina [41] categorizes PS around 
two axes: a cognitive-pragmatic one and one related to the internal-external source. 
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The first axis includes notions that address how the political world is understood 
and what knowledge about politics is. Although both aim to understand how 
politically sophisticated thinking is acquired, the former focuses on the cognitive 
organization of information. At the same time, the latter emphasizes the amount 
of information that gives meaning to the quality of thought. On the second axis, 
Gallina suggests considering, on the one hand, notions from internal sources, 
such as beliefs in one’s abilities and political interest, and, on the other, those that 
highlight the influence of external factors like media, civic education, and the role 
of political parties. The resulting categories are PS approaches: expert, educational, 
psychological, and mobilization.

In the field of political psychology in Argentina, two pragmatic approaches to PS 
predominate: one integrates cognitive-motivational elements of knowledge (PK) and 
political interest (PI) [43–47], while the other proposes a bidimensional model based 
on conceptual differentiation and integration, excluding indicators of political inter-
est [48, 49], based on latent psychometric approaches. Furthermore, the interactions 
between knowledge, interests, and beliefs about the self, along with other elements 
that form part of the personality system from a socio-cognitive perspective [50, 51], 
are consistent with the conceptual logic put forward in the mereological perspective. 
In this sense, we propose considering a network model of SP that includes PK, PI, 
sources of political efficacy (PE), internal (IPE), external (EPE), and the source of 
consumption of political information (CPI).

Data were collected using: (a) the Political Knowledge Scale [45], comprised of 
eight items on political and civic knowledge (e.g., I2: “What is the decision-making 
body regarding the constitutionality of laws?”). Responses were scored as follows: 
0 (incorrect), 1 (partially correct), and 2 (correct). (b) The Political Interest Scale 
[44, 46] consisted of six items assessing interest in political processes or their 
outcomes (e.g., PI3: “I am interested in learning how political parties operate”). 
Responses ranged from 1 (strongly disagree) to 5 (strongly agree). (c) The Internal 
and External Political Efficacy Scale (IPE, EPE) [44, 46] showed two dimensions: the 
first recorded IPE by evaluating beliefs in one’s ability to influence political matters, 
using four items (e.g., IPE4: “I could perform as well as anyone else in a political 
position”), with a five-point response format ranging from 1 (strongly disagree) to 5 
(strongly agree). The second dimension, EPE, included four items assessing beliefs 
about the government’s capacity to address political issues (e.g., EPE2: “How much 
attention do you think the government pays to what people think when making deci-
sions?”), with a response format ranging from 1 (not at all) to 5 (a lot). (d) For CPI, 
we assessed the frequency of exposure by source (television, radio, newspaper, and 
web) for the consumption of political information.

Using a probabilistic sample, we explored the relationship between elements in 
two subsamples corresponding to capital cities in southern Patagonia and northern 
Argentina: n = 462 from Neuquén and n = 419 from Salta. Based on the data, we 
analyzed the GGM model and estimated the inverse covariance matrix, assuming that 
unobserved latent variables do not cause observed covariances between variables [52]. 
The networks in Figures 1 and 2 represent a GGM we estimated using the qgraph R 
package available in JASP (Version 0.19). We applied the EBICglasso regularization 
method with a gamma hyperparameter set to 𝛾𝛾 = .05 to remove spurious edges. We 
generated the network layout using the Fruchterman-Reingold algorithm, which 
arranges the graph in a spring-embedded model. Finally, we conducted nonparamet-
ric bootstrapping with a sample of N = 1000 [19, 24].
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3.1.1 PNA results

In Figure 1, 140 non-null edges were observed among 26 nodes, whereas in 
Figure 2, the connected nodes totaled 153, indicating that the network corresponding 
to Salta exhibited greater structural density than Neuquén. However, the interactions 

Figure 1. 
This figure illustrate the regularized partial correlation networks for Neuquén. Solid-blue edges represent positive, 
regularized partial correlations. No specific minimum, maximum, or cutoff values were used. Edge weights in the 
separated network reached a maximum of 0.60 (IPE1–IPE2) and 0.53 (IPE3–IPE4).

Figure 2. 
This figure illustrate the regularized partial correlation networks for Salta. Solid-blue edges represent positive, 
regularized partial correlations. No specific minimum, maximum, or cutoff values were used. Edge weights in the 
separated network reached a maximum of 0.60 (IPE1–IPE2) and 0.53 (IPE3–IPE4).
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Figure 3. 
Centrality plots of SP networks for Neuquén and Salta.

represented in both cases reached high interaction values (≥.35) [53], with estimates of 
0.60 and 0.53, respectively. Bootstrapping plots reflect varying confidence intervals, 
suggesting results and centrality estimates that should be cautiously treated [19, 24].

The networks exhibited clustering tendencies with weak or absent direct interac-
tions between nodes from different constructs. Moderate to strong interactions were 
observed among elements within the same construct. IPE1 and IPE2 nodes (general 
political competence) and IPE3 and IPE4 (political positions) displayed the strongest 
and closest interactions in the network. Regarding political knowledge (PK) content, 
both networks visually identified the proximity between elements concerning parti-
san groups: PK7 (i.e., the party to which the mayor belongs) and PK3 (i.e., the party 
with the most representatives in the provincial legislature). EPE nodes exhibited no 
significant interactions with nodes from other groups in the estimated network.

In Figure 1, PI5, EPI2, and EPI1 nodes shared references to specific campaign/
political positions. The moderate interaction between CP4 (web) and CP3 (newspa-
pers) may be due to the overlap between reading print newspapers and reading news-
papers online and listening to traditional radio and online radio. In Figure 2, interest 
in political news (PI4) is directly connected to consumption via television (CPI1) and 
indirectly through newspapers (CP3). Conditional relationships between elements 
suggest that, in the network shown in Figure 1, interest in listening to or watching 
political news (PI4) and engaging in political discussions (PI1) are predicted by each 
other when controlling for interest in reading political information (PI6).

In the network, corresponding to Figure 2, conditional independence is found 
between the belief that holding elections makes the government pay more attention 
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to public opinion (EPE1) and the belief that government actions improve people’s 
well-being (EPE4), given the beliefs about the actual attention paid by the govern-
ment (EPE2).

Additionally, the centrality indices presented in Figure 3 suggest that, for both 
networks, the relevance of PI, PK, and PE content is important for an SP network. 
Here, elements are interdependent due to homeostatic or logical reasons (e.g., if there 
is interest in political conversations, political news also becomes interesting; or if there 
is a personal assessment of competence to hold a political position, there is also a belief 
in one’s competence to participate politically). The focus is not on the specific values 
of these estimates but on how the visualization and dynamic conceptualization of ele-
ments reflect the behavioral tendencies and variabilities inherent to the phenomena.

4.  Final remarks

Sensitivity to cultural differences and situational contexts is crucial in studying 
psychosocial phenomena, whether in the instrumental phases of design and adapta-
tion or those aimed at estimating changes, predictive assessments, or hypothesis 
generation. In this regard, including the network psychometrics approach (PNA) 
as an analytical strategy allows variability to be considered a logical criterion. Far 
from compromising validity evidence, this perspective integrates variability within 
a framework of coherence between the theorized characteristics of the construct in 
a specific context and statistical estimates. In other words, it allows the convergence 
of scientific and statistical inferences. So, variability is integrated as a key criterion 
alongside substantive criteria when optimizing decisions, such as discarding or 
modifying the wording of an item in a test, complemented by statistical criteria (e.g., 
discrimination index, MSA) and inquiry conditions, such as order effects in psycho-
social processes and phenomena. Particularly useful for instrumental decisions are 
centrality indices for identifying evaluative reactions with the most significant impact 
on the construct analyzed, such as PI2, PK3, and others, and enabling comparisons 
between different samples.

In this case, when considering, for example, the strength of each node in the two 
networks, a trend toward greater relevance is found in elements that directly state the 
content of the construct. Of the six items that make up the PI Scale, both networks 
highlight: “I am usually interested in political matters” and “I find it interesting to 
listen to or watch news about politics” (PI2 and PI4). In the Neuquén SP network, 
“I feel competent to participate in politics” (IPE3) and the belief that one’s opinion 
exerts some influence on government decisions (EPE3), while in the Salta network, 
the belief about how much attention the government pays to people’s opinions in its 
decisions (EPE2) stands out.

On the other hand, nodes related to PK that maintain direct and strong or moder-
ate connections correspond to evaluations of specific contents, such as the party with 
the majority of members in the legislative branch, the body responsible for deciding 
constitutional laws, those responsible for appointing Supreme Court judges, and the 
body sanctioning provincial laws (PK2–PK5). This condition suggests that PK content 
could correspond to specific categories needing review. However, a cautious attitude 
is imperative when facing the disconnection of certain elements, as this could suggest 
an overestimation or underestimation of the role played by each element.

As traditional elements of the latent SP approach, responses linked to PI and 
PK show no direct interactions. In contrast, from the network approach, SP scores 
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could be interpreted as the effects of the interaction between interests, knowledge 
of the functioning of the political system, and beliefs in political efficacy. Future 
studies, including aspects such as party affiliation, modes of participation, and 
other elements suggested in Gallina’s categorization [41], could provide insights into 
our understanding of this system. Finally, the recurrence of political information 
consumption within PI elements suggests that its inclusion as an indicator or variable 
may not be relevant.

We acknowledge the limitations of using data collected in a study not aligned with 
the underlying theory or network model during its planning phase. Additionally, 
there are inherent restrictions to using self-reports and the impossibility of compar-
ing structures, dynamics, and conclusions related to the elements considered in 
SP networks. We have not identified any previous studies on SP developed using a 
network-based methodological approach.

In this sense, the development and advancement of the PNA, in continuous dialog 
with the latent psychometric model, allows the recognition of instrumental and 
inferential problems inherent to social and political psychology, considering that 
dimensionality variations often result from covariance between unique factors due to 
the interactive and mereological nature of the elements.

In other words, the possibility of integrating reflective and mereological proce-
dures to understand psychosocial phenomena not only leads to improved instrumen-
tal decisions but also to the conceptual and theoretical substance of such phenomena. 
In addition, considering the influence of variability through the estimation of 
interactive effects (e.g., biases, social desirability) will result in a more comprehensive 
understanding of models and their statistical adjustments.

However, we must address two significant challenges. The first lies in achieving 
an appropriate balance as knowledge of psychometric networks broadens. On the 
one hand, this balance involves avoiding hasty judgments or generalizations and, 
on the other, accepting uncertainty, following Cooper’s recommendation to adopt a 
reflective, self-critical attitude open to new perspectives [54]. The second challenge 
is related to the caution necessary to prevent network analysis from overshadowing 
network theory, just as latent variable modeling has sometimes overshadowed the 
underlying theory of these variables, as pointed out by Borsboom [14].

Therefore, in researching psychosocial constructs, we consider the limitations and 
observations highlighted by Marsman and Rhemtulla of notable value [55]. These 
emphasize the critical aspects of network analysis, such as the causal interpretation 
of relationships that, in many cases, are not genuinely causal, inferences derived 
from the absence of edges fixed at zero through regularization procedures, and the 
predominantly exploratory nature of networks.
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Chapter 3

Ethnopsychometry: The Road 
to Valid, Reliable Yet Culturally 
Sensitive and Relevant Measures
Rolando Diaz-Loving, Sofia Rivera Aragon  
and Marcoantonio Villanueva Bustamante

Abstract

Following in the tradition of ethnopsychological research, this chapter delineates 
the process toward obtaining statistically and conceptually valid and reliable person-
ality measures that, at the same time, are also culturally relevant and sensitive to the 
Mexican culture. To demonstrate if a trait has universal, regional, or local significance 
and meaning, a methodological approach is advanced that integrates universal 
constructs and measures with idiosyncratic local manifestations. This process 
addresses the following steps: (1) scan the literature for the conceptual and theoreti-
cal definition of a construct; (2) delineate dimensions and definitions ascribed to that 
construct; (3) identify all the measures of the construct; (4) describe the measures 
and their dimensions; (5) produce a matrix with all the measures and all their dimen-
sions; (6) create a new integral definition; (7) conduct exploratory research in the 
target culture to identify the emotions, thoughts, and behaviors of the construct; 
(8) content analysis to identify the dimensions that describe the target construct in 
the selected cultural group; (9) create a new matrix with the dimensions from the 
measures from the literature and the ones obtained in the exploratory phase; (10) 
identify universal dimensions and idiosyncratic factors present in the target sample; 
(11) develop a new measuring instrument that includes the universal and idiosyn-
cratic factors; and (12) apply the new instrument and do all the traditional validity 
and reliability tests. As an example of this process, theory and data of power in dyadic 
relationships will be presented.

Keywords: ethnopsychology, ethnopsychometry, measurement, validity, reliability, 
culture

1.  Introduction

Following in the tradition of ethnopsychological research proposed by Díaz-
Guerrero [1–5], this chapter delineates the process toward obtaining statistically 
and conceptually valid and reliable personality measures that, at the same time, 
are also culturally relevant and sensitive to the Mexican culture. To demonstrate 
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if a trait has universal, regional or local significance and meaning, a new meth-
odological approach is advanced that considers both an apparently universal 
construct and measure, as well as the idiosyncratic local manifestation. This 
process is specified in Diaz-Loving [6] and addresses the following steps: (1) scan 
the literature for the conceptual and theoretical definition of a construct; (2) 
create a table with all the dimensions and definitions ascribed to that construct; 
(3) identify all the measures created to measure the construct; (4) create a table 
with all the measures, their dimensions and operational definitions; (5) produce 
a matrix with all the measures on one axis and all their dimensions on the other 
axis; (6) create a new integral definition of the construct; (7) conduct exploratory 
research in the target culture (interviews, focus groups, free associations, multidi-
mensional scaling, semantic networks, etc.) to identify the emotions, thoughts and 
behaviors of the target group to the selected construct; (8) do content analysis of 
the exploratory data to identify the dimensions that describe the target construct 
in the selected cultural group; (9) create a new matrix with the dimensions from 
the measures from the literature and the ones obtained in the exploratory phase; 
(10) identify universal dimensions (at least between the target culture and the 
cultures represented in the literature), idiosyncratic factors present in the target 
culture but not in the general literature, and pseudo universal dimensions present 
in the literature but not in the target culture; (11) develop a new measuring instru-
ment that includes the universal and idiosyncratic factors; and (12) apply the new 
instrument in the culture representative sample and do all the traditional validity 
and reliability tests. As an example of this process, theory and data of power in 
dyadic relationships will be presented.

First, we reviewed the literature on the conceptual and theoretical definition of 
power. Power is present from the very moment of birth, and personal power implies 
reciprocal influence with other people. The newborn has power over the mother or 
those who care for him. For almost everyone, the first learning experience takes place 
within the family or the group, where power has been distributed, and complex recip-
rocal influences have been established between the means and processes of power. 
Power in close relationships refers to those who make decisions, raise ideas or solve 
problems, receive more agreement for their position, or participate more in discus-
sions. It also includes the behavioral patterns to impose a position, and the strategies 
and styles a person uses during the interaction. Another important aspect to consider 
is the direction of power. Negotiation is a bilateral process of assuming power; both 
members can be involved in the decisions, or manipulation can be unilateral when 
only one member of the couple controls the situation [7].

French and Raven [8], when defining power, consider that there are two classes: 
relative and absolute power. They indicate that relative power is always circumstan-
tial; it depends on the moment and is unstable because it is usually based on physical 
force and is based on fear. On the other hand, absolute power is stable across settings 
and situations and has an awe of legitimacy. Focusing more on interpersonal relation-
ships, personal power is possessed by a single person; it can be of many kinds, and 
these can be combined with each other; a person can destroy, threaten, produce some-
thing, exchange, and achieve integration, which includes the power to be accepted, 
respected, loved, enjoy legitimacy, and be part of a larger network [9].

Throughout the psychological literature, the process of power constitutes a 
central theoretical concept in the analysis of a number of basic phenomena in 
psychology. This has impacted the number of definitions and dimensions ascribed 
to the construct. Next, a brief description of some proposals developed for the 
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conceptualization of power is presented. The models are the basis for a clearer 
conceptualization of power in interpersonal relationships (Table 1).

Secondly, we identified all the measures created to measure the construct. As 
demonstrated in the definitions of power, the construct is multidimensional, and as 
a result, different measures often cover different dimensions. The main obstacle in 

Thibaut and Kelley [10]
Using theories of reinforcement and economic man, they organize the theory of behavioral exchange. They 
specify that in all social interactions, there is an implicit or explicit exchange of rewards or costs. They propose 
that power strategies are a way to achieve results in interpersonal situations through two processes: Increase. A 
powerful person provides rewards to induce another or perform desirable behaviors. Reduce: the actor applies 
negative sanctions in any case in which the other person behaves differently than intended. To explain power 
relations, they have considered two types of power: (A) destiny control, which occurs when A influences B to 
change his behavior but which does not affect his own outcome. (B) Behavior control is where A and B change 
their behavior according to their choice of both.

Cartwright and Alvin [11]
It considers power as a symmetrical relationship where A influences B, but B also influences A. Power produces 
changes even if it is not related to influence; they mention a series of resources such as wealth, prestige, 
ability, information, physical strength, capacity for gratification. In such relationships, progressive feelings of 
frustration and hopelessness are observed in the two participants or in one of them.

Homans [12]
Power is defined in two terms. Distributive Justice: the relationship between what people get in terms of reward 
and what it means in terms of costs, here and now. Status Congruence refers to the impression that the person 
makes on others of the stimuli that he or she presents to other people, which may affect his or her subsequent 
behavior and in relation to future consequences.

Etizioni [13]
Distinguishes three basic types of power: (1) “coercive” power refers to physical means such as restrictions and 
control over basic needs (food, sex, comfort, etc.). (2) “Remunerative” power that is based on the satisfaction of 
material needs such as housing and other property. (3) “Normative” power rests on the manipulation of rewards 
and symbolic deprivations, such as esteem and disapproval.

Rodman [14]
Describes four general states of power: Authoritarian, where one of the members has the necessary tools that are 
dependent on the functionality of the relationship; Modification of authority, where both members have equally 
important and valuable resources; Transitional egalitarianism, where there is no clear definition of which 
resources are identified with power, and this is distributed indistinctly, it is defined by the equitable and shared 
distribution of power.

Safilios and Rothschild [15]
Schematizes personal power derived from resources and includes: socio-economic; love and affection, 
expressions of understanding and support, companionship, sex, and services.

Kenneth [16]
Classifies power into three categories. Shared, compensatory, and conditional power. The approach refers to the 
general repercussions of the growth of man’s knowledge and abilities on the complexities of the power structure.

Lewin [17]
Field theory explains the influence and power in a functional relationship of A and B. Power is classified 
according to its nature by taking into account motivations, intensity of the forces of resistance, and degree of 
vigilance, for which three categories are suggested. (1) Positive and negative actions, resistance, and vigilance of 
authority. (2) Internalization of values and behaviors of authority. (3) Based on legitimacy, hierarchy, and the 
recognition of their superiors of being able to influence through assimilation.

Boulding [18]
Distinguishes three classifications of power: (a) threatening power, (b) economic power, and (c) integrating 
power. It is closely related to another tripartite division of power to destroy, the power to produce, and the power 
to exchange love, respect, friendship, and legitimacy.

Table 1. 
Definitions and descriptions of power in the psychological literature.
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close relationship power research has been the lack of reliable and valid measurement 
techniques. Most studies have used self-reports of decision-making to determine the 
balance of power between the couple. This approach conceives of marital power as 
a function from which each member makes the majority of decisions in various and 
different areas.

Some studies have taken a different approach using observational procedures, usu-
ally taking the form of performing several tasks or conducting structured discussions 
and estimated by the researcher as behavioral indicators of power. Studies compar-
ing both forms of measurement have shown little correspondence [19–23]. Another 
related problem is the small match between different measures of power of the same 
type [24] (Hadley and Jacob, 1973). The fact that there is no agreement in measures 
of the same type poses a serious problem that stems from conceptualization problems 
and is confirmed by an ambiguous and inconsistent measurement.

Only a few studies have used procedures that explicitly measure the ability to pro-
duce the effects set out in the definitions: measures of self-report often unite partners’ 
perceptions of decision-makers, while observational measures focus on strategy for 
exclusion of outcomes or events.

In an attempt to distinguish between the different definitions, Olson and 
Cromwell [25] classified existing research on family power into three domains. 
Power bases relate to the sources or resources, such as knowledge or rewards that are 
possessed by family members that form the basis of control of one member over the 
other. Power processes refer to the direct observation and measurement of family 
interaction. These processes can also be delineated in terms of the amount of infer-
ence required by the observer. Some measures such as speaking time require simply 
noting the frequency or duration of a behavior, while others also include judgment 
about the quality of the event, that is, that one member is submissive to the other. 
etc. [26]. And finally, regarding the results of the use of power, these studies ask who 
makes decisions in various family aspects, and others examine the similarity between 
the couple’s joint response to a specific problem.

In general, studies in the field have focused on decision-making [27]. This 
research reflects the effects of specific individual situations between husband and 
wife, which are of great importance for decision-making in the couple. Most of 
the studies on decision-making are based on the work of Blood and Wolfe [28], 
who measured marital power by asking wives which partner made the final deci-
sion in each of eight areas ranging from work opportunities to their financial life. 
The responses of 909 wives were used to categorize couples as in Lu's [29] study 
when it came to decision-making. These authors found that wives who reported 
a syncretic decision structure (i.e., both partners jointly made the decisions) 
also reported the highest levels of satisfaction, while those in whom the wife was 
dominant were less satisfied, and the group of spouses who dominated were in 
the middle of the aforementioned groups in terms of satisfaction. Because they 
found that wives in same-sex marriages were more satisfied than those in autono-
mous marriages (where only one partner made the decisions), these authors 
suggest that equality per se is less important to the satisfaction of wives who are 
considered for decision-making. The dominant wife, according to these authors, 
gains her power through her husband’s marginality or abstinence from marriage, 
conditions that are unlikely to lead to her satisfaction.

In another study measuring decision-making, Centers et al. [30] compared the 
Blood and Wolfe scale with a new scale that included six additional areas of decision-
making in an attempt to provide a better representation of decisions not traditionally 
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included in the husband’s domain. The distribution of decision-making types differed 
depending on the scale used. On average, the original scale indicated greater power 
for the spouses, while the revised scale indicated equal power for both spouses. Using 
the same four categories as Blood and Wolfe [28], Centers et al. [30] found that 
individuals who reported wife dominance in decision-making had lower levels of 
marital satisfaction than those in the other groups, those in autonomous relationships 
reported the highest levels of satisfaction followed by husband-dominant relation-
ships and syncretic relationships.

Power outcomes studies differ from decision-making studies in that they are based 
on partner interaction rather than individual self-reporting, and both differ from 
process measures in that they focus primarily on outcomes, that is, which partner is 
more important in the final decision.

Sargent [31] argued that process studies identify how change occurs, while out-
come research attempts to identify what the changes are. Gray-Little and Burks [32] 
add that research on power bases is related to the reason why one member of the fam-
ily is able to control another. In other words, the domains of power bases, processes, 
and outcomes direct the determinants, nature, and effects of power, respectively. 
Two lines of research have emerged regarding the basis of power. While quantita-
tive studies aim to better understand the balance of power between partners or the 
absolute level of power, qualitative studies are concerned with the type of power used. 
Lewin’s conceptualization of power as a potential to induce consent or submission 
provides the impetus for the study of the bases of power [11, 17]. According to Lewin 
[17], the one who exercises power is able to create a force in the subject of power 
through the use of a range of sources that affect the need for satisfaction and the basis 
that motivates it.

The only systematic evidence of the relationship between power bases and 
marital satisfaction has been given by Raven et al. [33], whose study power bases 
were defined in terms of the spouses’ perceptions of the motives underlying submis-
sion to their partner’s wishes. The subjects were asked to indicate which of the five 
power bases identified by French and Raven [8] was their partners’ predominant 
source of influence and also to estimate their marital satisfaction on a three-point 
scale. Referent power was the most chosen power base for the most satisfied and 
moderately satisfied subjects, while coercion was the most common basis for the least 
satisfied subjects.

The literature on power in close relationships favors situational variables, the 
foundation of power, who imposes their will, and areas of the interaction where the 
use of power is seen. An aspect that receives much less attention is the ways in which 
power is manifested. This refers to both the strategies used and the permanent styles 
that people have to influence their partner. In summary, power in couple relationships 
would be any active or passive behavior, be it physical, verbal, or symbolic, directed 
at influencing a close partner. This would include situation variables, the basis of 
the behavior, who directs it and who receives it, as well as the consistent selection of 
strategies or personality types that direct the production of the behaviors. Taking this 
into account, we will focus on studying power as a process, that is, as a strategy. As 
mentioned before, power strategies are ways people use to influence others. In other 
words, power strategies describe an active process of power that is being exercised. 
Many social scientists have been interested in understanding how the process works 
and have tended to develop systems for classifying the various ways people use to 
change each other’s behavior. The most salient measures of power strategies are 
presented in Table 2.
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2.  Exploratory research of power strategies in a Mexican sample

This section will review various qualitative studies carried out to determine the 
definition and categories of strategies and styles used to influence couples in the 
Mexican population.

In the first study to evaluate the concept of power in couple relationships, a 
semantic networks technique was used following the model proposed by Reyes [39], 
which is described below:

First, participants were asked to offer all the words they related to the concept of 
power. They were instructed to use any defining words they could think of, includ-
ing adjectives, nouns, verbs, and adverbs. Then, participants were asked to order the 
words according to the expression that best defined the concept of power. To analyze 
the concept, the size of the network was delimited by taking the 15 words with the 
highest semantic weight. This procedure was conducted with a sample of 288 men 
and 306 women, ages 15–50 years old.

The results by sex show that power is defined by men in general as strength, 
money, command, dominance, responsibility, shared, security, authoritarianism, 
and love. In the case of junior high school men, power is conceptualized as the 
force granted by money, command, and dominance. For high school men, power 
continues to be a force that is granted by money and command but also includes 
responsibility, dominance, and security, and this group refers to words such as 
work, superiority, and control. For the men with college degrees, they continue 
to mention that power is strength and domination, which grants command and 
money, but they also add economy, struggle, and fulfillment, being the only group 
that refers to shared power.

In the case of women, power continues to be command, strength, authority, 
money, and domination, but they add will and love. In the case of junior high school 
women, they mention that power is love through which they can command, obtain 
strength, and have authority, money, and dominance. On the other hand, high school 
women remark that it is a command that gives money, authority, and strength and 
that love, responsibility, and trust must be present when referring to it. College 
women like men refer to strength as the most important concept, which entails com-
mand, dominance, money and insecurity, authority and love.

A second study was carried out using an open-ended questionnaire. 121 people 
were selected, of which 60 were women and 61 men. The age ranged from 25 to 
60 years, with a mean age of 30.5 years. Most of the subjects had a bachelor’s degree. 
This technique was used to allow participants to write down everything that the con-
cept of power in the relationship meant to them. The person was asked the following 
question: What is power in the relationship for you?

Content analysis based on the Krippendorff technique [40] was applied to the 
responses. Through this analysis, those responses that were similar in terms of content 
were connected. Once the responses were appended together, 15 judges were asked to 
develop the categories for each group of responses.

The results indicate that the definition of power in men and women is related to 
authoritarianism and imposition in decision-making by the couple. However, this 
definition is more common in women than in men. On the other hand, as for the 
definition of power as interaction (joint decision-making) was proposed more by 
men than by women. Additionally, power as a manipulation strategy was suggested 
more by women than by men. Content analysis of the exploratory data to identify the 
dimensions that describe the construct.
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For men, the detected dimensions were authoritarian-imposition, interactive and 
persuasive-manipulative. Authoritarian and imposition refer to having authority over 
one’s partner, controlling and imposing one’s will, and making decisions for the other. 
Interactive power indicates understanding, mutual decision-making, and the ability 
to solve conflicts. Finally, persuasive-manipulative indicates the capacity to persuade 
the other, influence their behavior, and manipulate-coerce the other one to the power 
broker’s wishes. In the case of females, the same three dimensions appear; however, 
in their case, authoritarian includes dominating the relationship. Interactive power 
includes equity and negotiation, and manipulation is considered blackmail.

Each qualitative technique provided evidence about the concept of power; 
although they all generally come to a similar meaning, the open-ended question-
naire provided more information about the concept. However, the general litera-
ture, instead of providing an explicit definition of power, gives a description of 
the influence procedures used. For example, equating power with the frequency of 
“interruptions,” “who speaks first,” or “who speaks the most.” Other power studies 
suggest agreeing on the definition of power as the capacity to produce intentional 
effects [25, 41–45]. However, all these definitions have been formulated in individu-
alistic cultures [46].

In Mexico, Díaz Guerrero and Diaz Loving [47] mention that power is any type 
of behavior through which others are made to do what we as individuals want to be 
done, putting the final decision in our hands. These authors use free associations and 
find that power is money, wealth, authority, and command. In the qualitative studies 
described in the previous section, the subjects similarly indicate that power is author-
ity. This definition was used by both men and women. However, the meaning given to 
authority differs since each one defines it in terms of the sexual role assigned to their 
gender.

Consistent with cultural-type patterns, men refer to authority as their own, and 
women refer to it as the imposition and control of others. Power, understood from its 
imposing aspect, characterized by the domination-submission modality, linked to the 
process of socialization and traditional norms -in the sense that the strategies used are 
learned early in life- precedes the definition made in this study based on a dichotomy 
where woman indicate that power is authority and that authority is submission (oth-
ers are in control) while the man states that power is authority and that authority is 
dominance (he assumes power).

Consistent with the traditional gender stance, working outside the home and 
providing for the family was a man’s obligation, and being at home and taking care of 
the husband and children was the woman’s obligation. Under this patriarchal marital 
norm, wives possess little power to influence the decisions the husband makes. 
Despite this, marital roles and behaviors are currently changing thanks to the increase 
in women’s participation in the workplace [48–50].

Other attributes given to power were the use of interaction and manipulation. 
The first is a bilateral way of assuming power (both are involved in the decisions), 
and the second is a unilateral way (only one member of the couple makes the deci-
sion). In the case of the definition of power as interaction, equity becomes manifest, 
where both members of the couple decide. This change is due to the fact that women 
are currently beginning to have intervention in decision-making, either because they 
have entered the field of paid work or because of the academic preparation obtained.

On the other hand, when we talk about power as manipulation, we are talk-
ing about persuasion and influence, as well as blackmail. This last meaning given 
to power is more used by women than by men. As for power strategies, where the 
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behavioral style used to ensure that the partner agrees to a series of requests, studies 
by Falbo and Peplau [37] show sexual differences in the use of power strategies in 
intimate relationships in Anglo-Saxons.

The strategies frequently reported by men in Mexico were direct-bilateral 
strategies, such as talking, insinuating, interacting, and reasoning, while women 
reported using indirect-unilateral strategies such as threatening to cry, becom-
ing silent, emotional blackmail, and doing things for themselves. These effects 
of gender differences were similar to the pattern found in terms of the effects of 
perceiving a balance of power in the relationship. People who perceived to have 
greater power than their partners were more likely to use direct-bilateral strate-
gies. As for the models presented in this chapter, divergences and similarities are 
observed. In general, in the models developed in other countries, there is a great 
agreement between the strategies used to influence the behavior of the partner. 
However, the models that share the most strategies are the ones presented by 
French and Raven [8] and Parsons [35]. On the other hand, as for the models of 
Marwell and Schmitt [36] and Falbo and Peplau [37], it is observed that they find 
strategies that the previous models do not propose, such as threat, punishment, 
affection, altruism, persistence and offering (negotiation).

With respect to the strategies found in the mainstream literature compared to 
those observed in Mexico [38], many are compatible, especially with those proposed 
by Falbo and Peplau [37]; however, there are two strategies that had not been explic-
itly mentioned before, the sexual aspect, located within negative affect and authori-
tarianism and imposition (see Table 2).

3.  Development of a power strategies measuring instrument for Mexico

This section is aimed at describing the process followed to develop a power 
strategies scale for Mexican couples. To this end, through the information obtained 
in the previous process, the items that represent the dimensions for each of the areas 
evaluated were created. The results of the previous steps made it possible to develop 
items to evaluate each of the areas of power strategies.

3.1 Participants

The instrument was developed based on the qualitative stage [51] and was applied 
to 748 subjects, 425 men and 323 women, with an age range between 17 and 66 years 
and an average of 29.15 years. As for marital status, 217 were single, 399 were married, 
and 127 were living in a common-law union. The median time in the relationship was 
7.4 years living with their couple. The criteria for inclusion in the sample for those 
married and in a common-law union were: (a) that they lived together. This is in order 
to have daily coexistence. (b) Half with children and half without children, and (c) 
who had been married or living together for at least 1 year.

3.2 Instrument

Based on the definition given to each of the strategies found in the study by Rivera 
and Diaz-Loving [51], 149 statements were created on a Likert-type frequency scale 
(from never to always) that represents the two poles of strategies (positive and nega-
tive) used by men and women to exert influence or power over their couple.
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3.3 Procedure

The questionnaire was applied to people who met the inclusion characteristics and 
who voluntarily wished to answer it. Research assistants went to different settings, 
such as private homes, schools, offices, clinics, and both private and state companies. 
The participants were asked to answer as truthfully as possible, assuring them that 
the information obtained would be confidential and that in no way would it affect the 
relationship with their partner or their personal life, that the data would be treated 
statistically for the population, and that no personal analysis would be carried out.

3.4 Psychometric analysis of the power strategies instrument

To evaluate the discriminating power of the items, the frequency distribution 
(bias and kurtosis) was analyzed, and a Student’s t-test per item was also conducted. 
Next, the internal consistency of the total scale formed by the 130 items was obtained 
via a Cronbach’s alpha, and a score of .9227 was obtained, indicating high congruence 
in the items evaluating each of the dimensions of power strategies.

Subsequently, a principal components factor analysis with an orthogonal rotation 
(varimax) was applied to obtain the dimensions and construct validity of the instru-
ment. Fourteen factors with eigenvalues greater than 1 were found, which explains 
50.3% of the variance. From this analysis, 130 items with a factor weight greater than 
or equal to .30 were chosen for each dimension (see Table 3). Only the first 12 items 

Factor 1: AUTHORITARIANISM n = 21 α = .9060 μ = 63 Factor weight

I behave aggressively .72061

I establish my will .70896

I make her-him feel guilty even though he-she’s right .70848

I fake being annoyed .68294

I control the money in the relationship .63962

I criticize my partners behavior .63728

I impose my conditions .60418

I shout at my couple .59798

I reprimand my couple .53419

I raise my voice . 53,419

Threaten to do things that will bother my couple .47748

I impose my authority .46979

Factor 2: POSITIVE AFFECT n = 18 α = .8867 μ = 54

I hug my couple .76771

I embrace and caress my couple .74300

I am loving .73430

I spoil my couple .69973

I compliment my partner’s qualities .66642

I give my couple presents .64802

I ask in the name of love .64447
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Factor 1: AUTHORITARIANISM n = 21 α = .9060 μ = 63 Factor weight

I run chores for my couple .64235

I offer my unconditional love .64158

I surprise my couple with a present .64078

I smile .58110

I am tender .57982

Factor 3. EQUITY-RECIPROCITY n = 11 α = .8368 μ = 33

I agree with my partner .70404

I reach fair agreements through dialog .68591

We come to agreements through dialog .64586

I make my couple come to his-her senses by giving examples .55667

I speak to my couple .55061

I reason with my couple .54633

I ask amicably .47506

I ask politely .47410

I explain the reason for my request .45802

I look for mutual benefits .43328

I take into account my partner’s opinion .42931

Factor 4: DIRECT-RATIONAL n = 11 α = .7584 μ = 33

I justify my request under the rules .78255

I am clear and direct .74413

I make my partner see the advantages of what I ask .70996

I make concise requests .67043

I expose my reasons .57532

I discuss my point of view .54160

I suggest options .51528

I analyze possible options .51509

I negotiate with my partner .49061

I am insistent .41256

I am fair .40654

Factor 5: IMPOSITION MANIPULATION n = 7 α = .6294 μ = 21

I forbid my partner to say what they think .77243

I discuss the pros and cons to convince my partner of my ways −.76053

I repress my partner’s interests .70652

I remind my partner of the favors she-he still owes me .68214

I present alternatives adequate for me −.65123

I describe my partner’s preferences as incorrect .64220

I do not accept my partner’s proposals .42294

Factor 6: DISQUALIFY n = 6 α = .7829 μ = 18

I disqualify my partner .83622
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Factor 1: AUTHORITARIANISM n = 21 α = .9060 μ = 63 Factor weight

I humiliate my partner .76818

I state to my partner who brings the most money to the relationship .63067

I usually prohibit activities of my partner .50851

I ignore my couple .50677

I make my partner believe that I accept their point of view .49097

Factor 7: NEGATIVE AFFECT n = 12 α = .8097 μ = 36

I deny my couple some material things .76746

I emphasize my partner’s flaws .73093

I lie to my partner .70708

I tell my partner I do not love her-him anymore .65372

I make my partner jealous .70708

I accuse my partner with people important to us .68226

I punish my partner .63885

I use the fear of punishment .62347

I misguide my partner .48383

I give excuses to my partner .46118

I fake that I am sick .45863

I avoid tell my partner that I love him-her .45228

Factor 8: COERCION n = 5 α = .6453 μ = 15

I use physical force .78560

I use my physical attraction .48362

I order my partner to obey me .48298

I threaten my partner .48034

I impose conditions on my partner .46934

Factor 9: PASSIVE AGGRESSION n = 6 α = .7229 μ = 18

I refuse to collaborate with my partner .65229

I stop spoiling my partner .58500

I do what I want without taking into account my partner’s opinion .57085

I am indifferent, as if nothing was happening .53497

I reject my couple .47555

I avoid the subject .38231

Factor 10: BLACKMAIL n = 11 α = .7216 μ = 33

I call myself incapable .78274

I stop talking to my partner .76015

I fake interest .74041

I stop doing what my partner asks me to do .73205

I pretend that I am sad .72992

I cry .64671

I try to frighten my partner .63495
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with the highest weights will be presented in those cases where there are more than 12 
items with weights over .30. It should be clarified that the factor analysis was applied 
separately for each sex; however, the result found for both groups was the same, since 
the factors appeared in the same order and with very similar factor weights.

The conceptual definitions of each factor and the strategy it represents appear in 
Table 4.

4.  Correlation analysis between power strategies

Starting on the dark side of close relationships, as for the authoritarian factor, in 
general, it is observed that it is significantly related to all factors except for the two 

Factor 1: AUTHORITARIANISM n = 21 α = .9060 μ = 63 Factor weight

I play the martyr .51406

I act as a defenseless being .42498

I leave the scene .38682

I fake physical incapability .30776

Factor 11: AFFECT - PETITION n = 3 α = .6548 μ = 9

I ask my partner to listen to me .75642

I ask understanding from my couple .54056

It ell my couple how important their support is to me .46915

Factor 12: SELF-AFFIRMATION n = 5 α = .6808 μ = 15

I take the final decision .71261

I give direct orders .57971

I give precise directions .54959

I give something in return for obedience .48786

I control my partner’s activities .35323

Factor 13: SEXUAL n = 7 α = .6925 μ = 21

I sexually compliment my partner .74052

I avoid sexual contact .73789

I make love to my partner .73076

I seduce my partner .62141

I tell my partner that I do not want to have sex .59814

I compliment my partner’s physique .48261

I make sexual innuendos .45000

Factor 14: DOMINATION n = 6 α = .8013 μ = 18

I remind my couple of the sacrifices I have made for him-her .62582

I judge my partner severely .42020

I provoke altercations to make partner bile .68960

I behave rude .64331

I question my partners authority in front of others .56867

I behave violently .46127

Table 3. 
Factor analysis and internal consistency of the power strategies scales (ESPO).
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Strategy Definition Indicators

Authoritarian Participants use resources that show disapproval of 
their partner in response to the denials of what is 
desired.

Anger, faces, yelling, criticism, 
avoidance, demands, and 
nonsense

Positive affect Participants address their partners with kind and 
affectionate behaviors to achieve their goals.

Love, gifts, recognition, 
cooperation, and affection

Equity-
reciprocity

Participants offer an exchange to their partner in 
terms of mutually acceptable benefits, although they 
prioritize their interests.

Justice, tolerance, support, 
dialog, and exemplify

Direct-rational Participants try to convince their partner to comply 
with their request using rational arguments.

Expose, suggest, analyze, 
explain, justify, and discuss

Imposition 
manipulation

Participants address their partner in a repressive 
and inflexible way in their attempt to influence the 
latter’s criteria.

Prohibit, restrict, repress, and 
condemn

Disqualify Participants act hostile and tyrannical toward their 
partner in response to their ungratified requests.

Harming, humiliating, and 
devaluing

Negative affect Participants make use of painful and hurtful 
affective emotions that aim to hurt their partner 
when their requests are not fulfilled.

Punishment, use of fear, and 
taking away affection

Coercion Participants use physical force and threats in an 
attempt to achieve their ends.

Forcing, ordering, threatening, 
and imposing

Passive 
aggression

Participants act contrary to what their partner 
values are, making partner feel disqualified or 
non-existent.

Not collaborating, indifferent, 
and rejecting

Blackmail When trying to convince their partner, participants 
make use of justifications that aim to make their 
partner feel responsible and even guilty.

Incapacitated, helpless, fearful, 
and sad

Kind petition Participants act in a respectful and flattering manner 
with their partner so that they attend to their 
requests.

Understanding, sharing status, 
attention, and support

Self-affirmative Participants enunciate their requests openly, with 
the certainty of an implicit or explicit existing duty.

Direct, decisive, and 
informative

Sexual Participant withdraws sexual and emotional 
affection in response to the non-gratification of their 
request.

Avoidance of sexual approach

Dominion Participants behave punitively and very directly 
about what they have identified as annoying in their 
partner.

Unfriendly, disqualifying, 
violating

Table 4. 
Definitions of strategies and their indicators.

factors that have to do with affect (positive affect and affect-request), with which 
there is no relationship. On the other hand, the greater the authoritarianism, the less 
equity and reciprocity in the relationship (r = −.36; p = .01); this implies that when 
the couple behaves aggressively, angry, and controlling, they do not reach agreements 
or dialog. Regarding the positive correlations, the greater the authoritarianism, 
the greater the coercion (r = .62; p = .01), the passive aggression (r = .61, p = .01), 
dominance (r = .60; p = .01), self-affirmation (r = .59; p = .01), imposition manipula-
tion (r = .58; p = .01), negative affect (r = .52; p = .01), blackmail (r = .50; p = .01), 
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and number of negative sexual behaviors (r = −.30; p = .01). In general, the partner 
who is more aggressive, angry and controlling, is also more threatening, imposing, 
does not collaborate, is indifferent, judges severely, gives direct orders, is prohibitive 
and repressive, mentions the partner who does not love her, cries and is defenseless, 
avoiding sexual approaches.

The very negative factor on disqualifying the partner is positively and signifi-
cantly related to negative affect (r = .38; p = .01), coercion (r = .37; p = .01), domi-
nance (r = .36; p = .01), blackmail (r = −.30; p = .01), and imposition manipulation 
(r = −.28; p = .01). It also correlates negatively and significantly with request affect 
(r = −.13; p = .01). When a member of a couple humiliates and prohibits their 
partner, they also lie to them, indicating they do not love them, using physical force, 
ordering, crying, and showing sadness, as well as repressing and condemning the 
couple’s proposals. Something similar occurs with the dominating strategy that shows 
positive and significant correlations with all negative factors, including coercion 
(r = .51; p = .01), negative affection (r = .47; p = .01), passive aggression (r = .44; 
p = .01), blackmail (r = .42; p = .01), imposition manipulation (r = .31; p = .01), and 
the negative aspect of the sexual part (r = .44; p = .01). Continuing on the dark side 
of relationships, negative affect strategy shows positive and significant correlations 
with: coercion (r = .48; p = .01), blackmail (r = .47; p = .01), passive aggression 
(r = .43; p = .01), self-affirmation (r = .38; p = .01), imposition manipulation (r = .33; 
p = .01) and the sexual aspect (r = .23; p = .01).

With reference to the use of sexual encounters as a strategy to control their partner, 
positive and significant correlations are found with three factors: passive aggression 
(r = .38; p = .01), blackmail (r = .28; p = .01) and coercion (r = .22; p = .01). The partner 
who denies sexual intercourse to the partner also tends not to collaborate, to be indiffer-
ent, to cry, to be sad, to stop talking, to use physical force, to order and to threaten. An 
alternative form of negative control is found in the passive-aggressive strategy. That is 
when the subject is indifferent and refuses to collaborate. This strategy shows positive and 
significant correlations with blackmail (r = .51; p = .01), coercion (r = .44; p = .01), and 
imposition of manipulation (r = .38; p = .01). These correlations show that the subject in 
the face of this strategy is sad, cries, uses physical force and threats, as well as prohibits 
and represses the decisions of the partner. As a corollary to the dark side, coercion is 
positively and significantly associated with blackmail (R = .41; p = .01) and imposition 
of manipulation (r = .37; p = .01). In other words, participants use physical force, orders, 
and threats, and then if that does not work, they also cry and say that they are sad, ending 
with forbidding the partner of saying what they think.

On the lighter side of close relationships, there is a conglomerate of strategies 
being used. For the positive affect strategy, positive and significant correlations are 
observed with the equity-reciprocity strategies (r = .50; p = .01) and request affect 
(r=. 52; p = .01). When one of the members of the couple is perceived as cuddly, lov-
ing and flattering, the couple reaches more agreements, dialog and asks for support 
and understanding from the other member. Within this same factor, the highest nega-
tive correlation was with the strategy called passive aggression (r = −.20; p = .01), 
where the subject who perceives himself as more loving and affective when asking 
their partner for something would make less use of a strategy of not collaborating, 
being indifferent and judging their partner severely. Other strategies that correlate 
negatively and significantly with positive affect are being less disqualifying (r = −.10; 
p = .05), less manipulative in the sexual aspect (r = −.12; p = .01), less dominant 
(r = −.09; p = .05), coercive (r = −.08; p = .05), and imposing and manipulative 
(r = −.09; p = .05).
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In this regard, the equity-reciprocity strategy, more common in horizontal col-
lectivistic cultures [46], when there are agreements and dialog in the couple, there 
is greater affection-request (r = .44; p = .01). Equity also leads to being direct and 
rational, the more the couple talks and dialogs, the more they give rational reasons 
and talk about the advantages of the requests. As to negative and significant correla-
tions for this factor, this strategy is negatively related to passive aggression (r = −.41; 
p = .01), negative affect (r = −.12; p = .01), disqualifying (r = −.33; p = .01), domi-
nance (r = −.31; p = .01), blackmail (r = −.31; p = .01), coercion (r = −.32; p = .01), 
and the negative part of sexuality (r = −.22; p = .01).

Congruent with a Mexican culture that is more inclined to use indirect methods 
to express needs and likes [52], self-affirmation and direct communications can be 
seen as not as polite. This can explain why the rational direct factor has positive and 
significant correlations with the dimensions of imposition, manipulation (r = .50; 
p = .01), affect, request (r = .34; p = .01), and self-affirmation (r = .22; p = .01). 
Within the area of self-affirmation, positive correlations are found with the strategies 
of coercion (r = .49; p = .01), imposition, manipulation (r = .42; p = .01), and passive 
aggression (r = .31; p = .01). Under these findings, it is found that people who give 
direct orders and precise indications, make use of other strategies linked to physical 
force, imposition and threat, as well as situations related to prohibiting and repress-
ing and being rejecting and indifferent to the partner.

5.  Confirmatory factor analysis

In order to insure structural validity for the new strategies instrument, it was 
administered to a sample of 672 people, 320 men and 352 women, with an age 
range of 18 to 72 years (M = 32.79, SD = 10.4). About 84.2% were married, 12.3% 
were in a common-law union and 3.3% were single. 83.3% had children and 16.7% 
did not.

Confirmatory Factor Analysis (CFA), Structural Equation Models (SEM; [53]). 
Following the proposal of Shi and Maydeu-Olivares [54], and based on the ordinal 
nature of the items, it was decided to use the diagonally weighted least squares 
(DWLS) method for the estimation of the model. The fit of the model was assessed 
using the indicators recommended by Hu and Bentler [55], that is, comparative 
fit index (CFI), Tucker-Lewis index (TLI), square root of measurement residuals 
(SRMR), and approximate mean square error (RMSEA). While the interpretation of 
these was made following the proposal of Marsh et al. [56], that is, CFI and TLI values 
≥ .90 and RMSEA and SRMR ≤ .08 reflect an acceptable fit.

6.  Results

Once estimated, the model presents adequate goodness-of-fit indicators [χ2 
(1774) = 3295.190, p ≤ .001; CFI = 0.945, TLI = 0.941, RMSEA = .042 [90% IC 
.040–.044] and SRMR = 0.067]. Figure 1 presents the diagram of this model and 
presents the covariances between the closest factors, while Table 5 presents all the 
covariances. The final inventory of power strategies is presented at the end of this 
chapter.
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7.  Conclusions

From the perspective of the mainstream, sound measures must demonstrate 
content validity, criterion-related validity, construct validity, and internal con-
sistency [57]. These criteria determine the psychometric validation of behavioral 
measures. We would argue that cultural validity is not a distinct type of validity; 
rather, it underpins the entire concept of validity. Thus, each time a construct 
and its measurement are developed, the ways in which language and culture form 
a part of the validity argument must be considered [58]. On the other hand, if 
cultural validity issues are addressed properly at the inception of an assessment, 
there would be no cultural bias [59]. Thus, the cultural relevance and sensitivity 
of psychometric measures is central to the appropriate use and comparison within 
and across cultures, which is stressed in the attention paid to the equivalence and 
reduction of bias of meaning and measurement discussed in the cross-cultural 
literature [6, 60, 61].

Indigenous psychology in different cultures allows the evaluation of universal and 
idiosyncratic theories of human behavior. Autochthonous researchers are particularly 
aware of the impact of social, ecological, and cultural variables on the acquisition, 
development, dynamics, and establishment of psychological consistencies. This 
consciousness centers their attention on culture, which provides the theoretical 
framework for explaining how groups of individuals arrive at shared yet distinctive 
sets of values, attributes, attitudes, and behaviors [62]. On the one hand, this allows 
for the discovery of seemingly idiosyncratic characteristics, which are non-existent 
in other cultures or at least not present in their psychological literature. Vernacular 
psychologies also permit an in-depth study of relations and causality of sets of cultur-
ally relevant variables and their relation to those of the “mainstream” and its universal 
constructs [6].

Appendix

Power strategies inventory

Table A1, you will find a series of behaviors that describe the way in which one 
member of a couple acts to convince their partner to do or say what they want, 
please indicate what you do to influence your partner, by answering the following 
statement:

“When trying to get my partner to do something that I want…”

1. Never 2. Seldom 3. Sometimes 4. Frequently 5. Always
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I reprimand my partner

I make my partner see the advantages of what I ask of him or her

I take into account my partner’s opinion

I threaten my partner

I offer alternatives

I discuss the pros and cons of my petition

I control my partner’s activities

I show my discontent

I take money away

I ask directly

I smile

I order obedience

I use physical force

I use affectionate diminutives

I play the martyr

I am affectionate

I make him or her feel guilty even if he or she is right

I insist

I tell my partner that I do not want to have sex

I make clear-cut requests

I offer gifts

I praise his or her qualities

I behave aggressively

I pretend to be angry

I negotiate

I control the money of the relationship

I converse with my partner

I hug and caress him or her

I pretend to be sad

I refuse to collaborate with my partner

I offer him or her my unconditional love

I impose my will

I criticize his or her behavior

I cuddle my partner

I move away from my partner

I agree with my partner

I stop consenting to their wishes

I am indifferent, as if nothing was happening

I offer options
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I reprimand my partner

I avoid sexual closeness

I reject my partner

I make love to my partner

I do what I want without taking into account his or hers opinion

I reach fair agreements through dialog

I impose conditions on my partner

I act like a helpless being

I Sexually compliment my partner

I fake being injured or hurt

I do some of my partner’s chores

I present pleasant aspects of myself

I feign interest in him (her)

I participate in my partner’s activities

I justify my request under the rules

I threaten to do things that will bother my partner

I cry

I try to scare my partner

I explain the logic behind of my request

I cordially ask

I make my partner feel jealous

I call myself incapable

I kindly ask

I compliment my partner’s physique

I explain the reason for my request

I make suggestions

I stop speaking to my partner

I ignore my partner

I ask for shares support

I avoid tell my partner I love him or her

I’m fair to my partner

I am loving

I usually prohibit activities from my partner

I humiliate my partner

I ask my partner for understanding

I tell my partner who brings the most money to the relationship

I ask in the name of the love you have for me

I often lie to my partner

I do harm to my partner
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I reprimand my partner

I talk to my partner

I avoid the topic (I pretend I do not listen)

I make my partner believe that I accept their point of view

I spoil my partner

I use bad words

I make the final decision

I remind my partner of the sacrifices I have made for him (her)

I shout at my partner

I stop doing what my partner asks me to do

I bargain looking for my own advantage

I surprise my partner with gifts or surprises

I use deceitfulness

I enforce y authority

I use my physical attractiveness

I claim things from the past

I argue in favor of my point of view

I demand that my partner honors our agreements

I talk about the importance of his-her support

I tell my partner that I do not love him-her anymore

I use the fear of punishment

I punish my partner

I give direct orders

I raise my voice

I give something in return

I behave negatively

I disqualify my partners authority in the eyes of others

I behave violently

I fake illness

I try to get on my partners good side

I ask my partner to listen to me

I give straightforward instructions

I offer gifts

I try to reason with my partner

I deny my partner some material things

I am inaccessible to any proposals

I judge my partner harshly

I provoke altercations to make my partner bitter

I accuse my partner with people important to us

I make my partner come to his-her senses, by giving examples
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I reprimand my partner

I recognize my partners abilities in public

I seduce my partner

I analyze viable options

I emphasize my partners flaws

I forbid my partner to say what he or she thinks

I condemn my partners decisions as incorrect

I limit my partners initiatives

I remind my partner of the favors she or he still owes me

Table A1. 
Power strategies scale for Mexican couples (PSSMC).

© 2025 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms of 
the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0), 
which permits unrestricted use, distribution, and reproduction in any medium, provided 
the original work is properly cited. 
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Chapter 4

Deep Learning Applications for 
Analysis of Unstructured Data
Zekai Wei, Yilei Wang and Deniz S. Ones

Abstract

This study investigated the use of deep learning to automate the classification of 
environmental initiatives in organizational research. We focused on transformer-
based models, including BERT and large language models (LLMs), as scalable alterna-
tives to traditional content analysis methods. Two experiments were conducted: the 
first compared deep learning models with conventional machine learning approaches, 
while the second evaluated the performance of various LLM prompting configura-
tions. BERT outperformed traditional models, achieving a weighted F1-score of 0.74, 
while fine-tuned GPT-3.5-turbo surpassed all models with an F1-score of 0.77. In 
contrast, base versions of GPT models underperformed relative to simpler classifiers. 
These findings underscored the benefits of fine-tuning for domain-specific tasks and 
demonstrated that deep learning models can automate text classification without 
manual feature engineering. The study also identified challenges, including lower 
performance in rare categories and hallucination issues in some LLM configurations. 
Overall, this research advanced methodological practices in psychological and orga-
nizational science by showcasing how deep learning can strengthen computer-aided 
content analysis. The results further pointed to the value of hybrid approaches that 
combine automated methods with expert validation to improve reliability.

Keywords: deep learning, large language models, LLMs, organizational sustainability, 
content analysis, organizational environmental initiatives

1.  Introduction

Over recent decades, machine learning (ML) and natural language processing 
(NLP) have been increasingly integrated into social and behavioral science research 
practice to analyze unstructured data. Computer-aided content analysis (CACA) 
exemplifies this trend, offering a more efficient and scalable alternative to traditional 
content analysis, which is often labor-intensive, costly, and dependent on input from 
subject matter experts (SMEs). Early CACA techniques primarily relied on word 
frequency analysis, using predefined content dictionaries to identify text topics [1, 2]. 
As NLP techniques became more advanced and accessible, Pollach [3] advocated for 
the integration of corpus linguistics, a methodology foundational to both linguistics 
and NLP, into content analysis, promoting its use in computer-aided approaches. 
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More recently, researchers have increasingly adopted NLP-driven approaches for 
content analysis tasks such as sentiment analysis, text classification, and discourse 
analysis [4, 5]. This progression has enabled the analysis of increasingly complex 
unstructured datasets, allowing for deeper insights into social and behavioral phe-
nomena all the while maintaining scalability and efficiency.

While recent advances in NLP have expanded the capabilities of CACA, particu-
larly for complex tasks like sentiment analysis and discourse classification, these sys-
tems remain constrained by key limitations when built on shallow machine learning 
models. First, they still require feature engineering, a process that relies on research-
ers to manually extract meaningful features from text before applying machine 
learning algorithms [4]. This dependence on human intervention not only increases 
the time and labor costs but also introduces potential biases in feature selection. 
Second, CACA often fails to achieve satisfactory results when analyzing texts that 
are highly contextual or nuanced, as traditional ML models struggle to capture deep 
semantic meanings, contextual relationships, and domain-specific language. As a 
result, researchers have explored hybrid approaches that incorporate human expertise 
to refine computer-generated outputs, balancing computational efficiency with the 
need for accurate and context-aware analysis. However, this hybrid approach further 
increases the time and effort required from researchers, ultimately undermining the 
original objective of CACA—to provide a more efficient and scalable alternative to 
traditional approaches.

In response, researchers are adopting models that eliminate the need for manual 
feature engineering while capturing deeper, context-sensitive patterns in language. 
One advanced ML technique that remains comparatively underutilized in psychologi-
cal research is deep learning. It is consistent with the emergence of a new genera-
tion of NLP methods—scalable, automated, and capable of more nuanced content 
analysis. Unlike traditional ML models trained on hand-constructed features, deep 
learning uses multi-layer neural networks to automatically construct hierarchical 
feature representations, enabling a deeper and more task-relevant understanding of 
data [6, 7]. In natural language processing (NLP), deep learning eliminates the need 
for manual feature engineering by allowing models to learn semantic representations 
at multiple levels—ranging from individual words and phrases to entire documents. 
Furthermore, deep learning enables the integration of domain knowledge directly 
into network design by encoding prior knowledge into the architecture itself or 
through specialized training strategies [8].

The slow and limited adoption of deep learning in psychology is likely due to the 
complexity of neural network models, which require substantial technical expertise 
in computer science alongside domain-specific knowledge. Furthermore, these 
models tend to sacrifice transparency and interpretability for predictive accuracy, 
complicating their use in fields that value explanatory insight [9, 10]. Recent develop-
ments in Large Language Models (LLMs), particularly transformer-based models like 
Generative Pre-trained Transformer (GPT), have made NLP tools more accessible to 
researchers, reducing the need for extensive coding expertise. However, despite their 
growing popularity, the reliability and validity of LLMs for computer-aided content 
analysis (CACA) need further examination.

This paper describes and advocates for the broader integration of deep learning 
techniques in psychological research. Using a case study, we examine a practical 
challenge faced by organizational psychology researchers and demonstrate the 
potential of neural networks and Large Language Models (LLMs) in CACA through 
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two experiments. The manuscript first outlines the research problem, then details the 
methodology and findings, and concludes with a discussion of the results and their 
implications.

1.1 Background and overview of the research problem

Climate change and environmental sustainability are global challenges which 
modern organizations aim to address through their mitigation and adaptation initia-
tives [11]. To assess and enhance these efforts, organizations and researchers must 
systematically capture and classify the actions companies take. Accurate categoriza-
tion of environmental initiatives provides a starting point for measuring, understand-
ing, explaining, predicting, and changing organization’s efforts toward environmental 
sustainability [12]. This process enables companies and society to assess corporate 
sustainability efforts, supports benchmarking across organizations, and promotes 
collective action on environmental challenges. Traditionally, content analysis of envi-
ronmental initiatives has relied on manual coding by subject matter experts (SMEs), 
who classify initiatives based on predefined coding schemes. However, for researchers 
studying organizational environmental initiatives across large samples of organiza-
tions or extended time periods, the need to categorize tens of thousands of initiatives 
renders manual coding impractical. Moreover, manual classification is prone to 
clerical errors, coder fatigue, and subjectivity, raising concerns about consistency and 
validity.

The limitations of manual coding underscore the need for a fast, reliable, and 
automated classification system that minimizes human intervention. From a scien-
tific perspective, automating the classification of environmental initiatives enables 
researchers to conduct large-scale empirical studies with improved replicability, 
transparency, and methodological rigor. Automated systems can handle vast volumes 
of data quickly and consistently, making it possible to track trends, evaluate policy 
impacts, and generate insights at a scale that would be infeasible with manual methods 
alone. From a practical standpoint, automated classification supports real-time moni-
toring and decision-making for sustainability practitioners and policymakers. It allows 
organizations to evaluate their initiatives more efficiently, compare them against 
industry benchmarks, and identify gaps or opportunities in their sustainability strate-
gies. Furthermore, it enhances the capacity of regulatory bodies, NGOs, and other 
stakeholders to assess environmental performance and hold companies accountable. In 
response, organizational psychology scholars have begun exploring machine learn-
ing as a potential solution for automating this process. For example, Wang et al. [5] 
examined the use of traditional machine learning techniques for classifying environ-
mental initiatives. Building on this foundation, this paper presents two experiments 
applying neural networks and large language models (LLMs) to the classification of 
organizational environmental initiatives. In the first experiment, we employed neural 
networks to categorize environmental initiatives and compared their performance to 
traditional machine learning models reported by Wang et al. [5]. By evaluating model 
performance on the same task, we can examine whether the additional complexity and 
computational demands of deep models yield substantial improvements in classifica-
tion accuracy. In the second experiment, we used LLMs to classify environmental 
initiatives, comparing the performance of nine model configurations that varied by 
base model and prompting techniques. These comparisons help researchers optimize 
model selection and configuration for psychological research contexts.
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2.  Experiment 1

2.1 Methods

2.1.1 Dataset

The dataset for this study was obtained from a research project examining the envi-
ronmental initiatives of large business organizations in China, Germany, France, the 
United Kingdom, and the Middle East and North Africa (MENA) region based on their 
self-reported sustainability efforts in publicly available reports. The dataset included 9795 
environmental initiatives and their associated environmental impacts, collected from 326 
organizations through Corporate Social Responsibility (CSR) reports published in 2015 
and 2016 [13–15]. Each initiative was categorized according to a pre-validated, action- and 
behavior-focused taxonomy of organizational environmental sustainability initiatives 
[16, 17]. This taxonomy builds upon the employee green behaviors framework by Ones 
and Dilchert [17, 18] and extends it to the organizational level. It consists of 16 categories, 
each representing a distinct behavioral pathway for achieving environmental sustainabil-
ity, which are further grouped under five overarching content-based themes. Definitions 
and illustrative examples of these categories are presented in Table 1. To ensure consistent 
classification, two trained human coders independently assigned each initiative to one 
of the 16 categories based on both the initiative itself and its reported consequences. In 
cases where discrepancies arose between the two coders, a third independent coder was 
consulted, and the majority decision was adopted. When consensus was not achieved, the 
classification was finalized through discussion.

2.1.2 Data preprocessing

Unlike traditional machine learning methods that require extensive data cleaning and 
normalization, deep learning models demand minimal preprocessing. In this study, we 
partitioned the dataset into training (80%), validation (10%), and test (10%) sets. The 
training set facilitates model learning, the validation set monitors performance during 
training, and the test set provides an independent evaluation of the final model. For text 
preprocessing, we used TensorFlow’s Keras tools to break down the text into individual 
tokens (such as words or phrases), which were then automatically transformed into word 
embeddings that are numerical representations that deep learning models use to capture 
the meaning and relationships between words.

2.1.3 Model training

We chose two deep learning models, Recurrent Neural Network (RNN) and 
Bidirectional Encoder Representation from Transformers (BERT) because of their 
ability to capture complex language patterns and context in text data. Details about 
model architecture and configuration of RNN and BERT are presented in Figures A1 
and A2. Both models were trained on the identical training-validation-test split to 
ensure comparability of the results. During training, both models use softmax as their 
activation function for the final layer, which is commonly used for multi-class clas-
sification. Softmax function converts the values into probabilities, where the result 
of each value is proportional to the exponentials of the original values. Therefore, 
the resulting values amplify the differences in the input, and serve as the likelihood 
of the input belonging to each class. Both models then use categorical cross entropy, 
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a commonly used metric closed link to softmax to evaluate accuracy for multi-class 
classification. The main advantage of the metric is to proportionally penalize incor-
rect predictions based on the probability that a prediction differs from the actual 
class. Lastly, the model also utilizes early stopping, where it monitors validation loss 
and stop the training process when the metric stops decreasing for a few epochs. 
The number of epochs the model monitors (i.e., patience) are set to 3 for RNN, 5 for 
BERT. Both models also restore the best weight, where the weight in the epoch that 
achieves lowest validation loss is kept.

Category of Initiative/
Behaviors covered

Description/example

Transforming Initiatives that change business products and processes to be more 
sustainable or use innovation to develop new more sustainable solutions

Creating sustainable products 
and processes

Design and build ships powered by liquid natural gas (LNG)

Embracing innovation for 
sustainability

Adopt modern comprehensive mechanized mining technology

Choosing responsible 
alternatives

Insist on the procurement of environmentally certified office equipment

Changing how work is done Rationalize construction schedules to reduce energy consumption

Avoiding harm Initiatives that avoid, mitigate or restore negative environmental impacts

Monitoring environmental 
impact

Carry out carbon emission reporting

Preventing pollution Complete Atmospheric VOC emissions special remediation

Strengthening ecosystems Conduct bird activity monitoring

Conserving Initiatives that control (e.g., limit, reduce) resource use

Reducing use Require double-sided printing

Reusing Reuse old office equipment

Repurposing Use fly ash to produce light insulation bricks

Recycling Develop a waste sorting program to sort waste with reuse value at the source

Influencing others Initiatives that provide information, skill, or motivation for others to 
perform sustainable actions

Encouraging and supporting 
others

Encourage employees to take public transport to and from work and reduce 
self-driving

Educating and training for 
sustainability

Organized three special training sessions on energy saving and auction reduction 
awareness

Taking initiative Initiatives that proactively initiate broader organizational and societal 
changes to promote sustainability

Instituting programs and 
policies

Establishment the Environmental Management Committee

Putting environmental 
interests first

Terminate or rescind the agreements with those who violate the specified 
regulations and cause significant impact on the environment

Lobbying and activism Advocate legislative initiatives that allow at least the option for manufacturers to 
recover their own brand products

Note. Adapted from Ref. [5]. Copyright 2022 by Wang et al. [5] and Wiernik et al. [19]. Copyright 2012 by Wiernik 
et al. [19]

Table 1. 
Organizational environmental sustainability initiatives taxonomy.
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Organizational environmental sustainability 
initiative categories

Traditional ML Deep learning

Max entropy SVC MultiNB RNN BERT

Changing how work is done 0.43 0.47 0.29 0.32 0.60

Choosing responsible alternatives 0.66 0.65 0.58 0.59 0.71

Creating sustainable products and processes 0.66 0.67 0.61 0.57 0.67

Educating and training for sustainability 0.67 0.69 0.35 0.54 0.86

Embracing innovation for sustainability 0.22 0.20 0.00 0.00 0.00

Encouraging and supporting others 0.58 0.55 0.46 0.45 0.68

Instituting programs and policies 0.76 0.76 0.69 0.72 0.82

Lobbying and activism 0.19 0.24 0.00 0.00 0.00

Monitoring environmental impact 0.78 0.77 0.71 0.78 0.86

Preventing pollution 0.65 0.66 0.59 0.61 0.81

Putting environmental interests first 0.19 0.24 0.00 0.00 0.00

Recycling 0.74 0.75 0.58 0.68 0.72

Reducing use 0.59 0.56 0.48 0.54 0.77

Repurposing 0.57 0.50 0.00 0.00 0.37

Reusing 0.42 0.33 0.00 0.00 0.00

Strengthening ecosystems 0.66 0.71 0.57 0.55 0.82

Weighted average 0.67 0.67 0.56 0.59 0.74

Note. Max Entropy = Maximum Entropy, a type of logistic regression classifier; SVC = Support Vector Classifier, a 
model that separates data points using hyperplanes; MultiNB = Multinomial Naïve Bayes, a probabilistic classifier 
often used for text data; RNN = Recurrent Neural Network, a deep learning model designed for sequential data like 
text; BERT = Bidirectional Encoder Representations from Transformers, a deep learning model that captures context in 
text by reading in both directions.

Table 2. 
Weighted F-1 scores of traditional machine learning (ML) and deep learning models.

2.1.4 Performance evaluation

The trained models were evaluated on the test set using three metrics: precision, 
recall, and F1 score. Precision measures the proportion of correctly predicted positive 
instances among all predicted positives, while recall quantifies the model’s ability to 
identify all actual positive instances. The F1 score, calculated as the harmonic mean of 
precision and recall, provides a balanced measure of the model’s overall performance. 
We selected the weighted average F-1 score as the main model performance metric to 
ensure that results are not overly influenced by categories with fewer examples. The 
complete script used for data preprocessing, model training and performance evalua-
tion is available at https://osf.io/4gnsp/.

2.2 Results for experiment 1

The classification performance of two deep learning models, along with the results 
of three shallow ML models reported in Wang et al., is presented in Table 2. The 
BERT model achieved a weighted F1-score of 0.74 on the test set, outperforming the 
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best-performing shallow model, the Maximum Entropy classifier, which had a mean 
F1-score of 0.67. In contrast, the RNN model performed significantly worse, with 
a mean F1-score of 0.59. Table A1 details precision, recall, and F1-scores for each 
initiative category. The BERT model performed best on the categories “Educating and 
Training for Sustainability” and “Monitoring Environmental Impact,” both achieving 
F1-scores of 0.86, followed by “Instituting Programs and Policies” and “Strengthening 
Ecosystems” with F1-scores of 0.82. However, for some categories such as “Reusing”, 
BERT model had much lower F1 scores compared to the Max entropy model (0.31 vs. 
0.54). These results suggest that while BERT generally outperforms simpler models, 
it struggles with certain minor categories. This issue is particularly pronounced for 
categories with extremely low base rates, where both the BERT and RNN models faced 
significant challenges in classification: both models had an F1-score of 0 for the four 
and five initiative categories with the lowest base rates. Overall, these findings high-
light BERT’s advantage in general classification tasks but also reveal its limitations in 
handling underrepresented categories where data scarcity impacts model performance.

3.  Experiment 2

The second experiment focused on using LLMs to classify the same set of initia-
tives. For comparison purposes, we used the same train-validation-test split set to 
ensure the results are comparable with the deep learning models. In this section, we 
will introduce the model used and describe our specific research design.

Our experiment used two popular base language models (GPT-3.5-turbo and GPT-
4) combined with four common prompting techniques: zero-shot, zero-shot with 
Chain of Thought (CoT), few-shot, and few-shot with CoT. Zero-shot prompting 
involves presenting the model with an initiative and the initiative taxonomy without 
providing any examples, relying solely on its pre-trained knowledge to generate a 
response. That is, this model relies only on its pre-trained knowledge to classify the 
initiative. Zero-shot with Chain of Thought (CoT) prompting extends this approach 
by encouraging the model to explain its classification reasoning step by step, which 
has been shown to lead to more accurate and interpretable answers. Few-shot prompt-
ing, by contrast, provides the model with a handful of example initiatives and their 
human-coded categories to help it recognize patterns and improve its responses. 
Few-shot with CoT combines both these strategies by supplying the model examples 
and eliciting explicit reasoning steps.

Additionally, we explored fine-tuning the GPT-3.5-turbo model using the train-
ing and validation sets. This process involved preparing our dataset in the required 
JSONL files, where each entry included an initiative and its correct classification 
category. We then uploaded the dataset to OpenAI’s fine-tuning platform, where the 
model was trained on our specific data to improve its domain-specific accuracy and 
performance. We did not fine-tune the GPT-4 model as fine-tuning provides minimal 
performance gains for GPT-4 due to its larger model size. Our design resulted in a 
total of 9 experiment conditions. The complete script used for GPT simulation and 
performance evaluation is available at https://osf.io/4gnsp/.

3.1 Results for experiment 2

The F-1 score summaries for all GPT models can be found in Table 3. Based on the 
zero-shot, no-CoT GPT-3.5-turbo model, adding examples (few-shot) or reasoning 
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steps (CoT) modestly improves performance. Among the four prompting strategies, 
few-shot prompting without CoT provides the largest gain for GPT-3.5-turbo, increas-
ing the weighted F1-score by 6 percentage points (from 0.32 to 0.38). However, for 
GPT-4, this pattern reverses: the simplest approach—zero-shot prompting without 
CoT—achieves the highest F1-score (0.50), while more complex prompting methods 
yield lower scores, with few-shot CoT performing 7 percentage points worse. Overall, 
GPT-4 consistently outperforms GPT-3.5-turbo across prompting strategies, with 
zero-shot prompting producing the largest improvement (a jump from 0.32 to 0.50). 
Nonetheless, all non-fine-tuned GPT models, regardless of prompting strategy, fall 
short of the performance achieved by the fine-tuned GPT-3.5 model and also under-
perform relative to the best shallow machine learning model (e.g., Naïve Bayes).

In contrast, the fine-tuned GPT-3.5-turbo model achieved the highest overall 
performance, with a weighted F1-score of 0.77, outperforming all other models. 
Notably, fine-tuning led to a substantial improvement over its base versions, 
increasing the F1-score by at least 0.30 in every category. Furthermore, all catego-
ries in the fine-tuned GPT-3.5-turbo model recorded F1-scores of 0.40 or higher, 
except for “Lobbying and Activism” (F1-score 0.25), which had the lowest base 
rate. These findings indicate that even the most advanced models show limitations 
when classifying initiatives with very low base rates. The results also suggest that 
fine-tuning significantly enhances performance, especially in commonly repre-
sented categories.

It is also worth noting that model hallucination, where the model generates 
nonexistent or invalid categories, was observed in all GPT-4 prompting configura-
tions except the two without CoT prompting. Additionally, failure to classify certain 
initiatives occurred in all but one model (zero-shot GPT-4). In contrast, neither the 
deep learning models (RNN, BERT) nor the shallow models exhibited these issues, as 
their architectures are specifically designed for structured classification tasks.

4.  Discussion

Our research yielded several key insights into the application of computer sci-
ence algorithms for content analysis. First, advanced models, particularly those 
leveraging attention and transformer architectures, demonstrated superior accuracy 
in categorizing environmental initiatives compared to traditional machine learning 
models. This result aligns with the well-documented success of transformers across 
various fields. Second, our findings highlight the substantial performance gains of 
fine-tuned GPT models over their base versions with different prompting techniques. 
This underscores the effectiveness of domain-specific databases over prompting 
alone for specialized tasks, reaffirming the continued need for fine-tuning in large 
language models. Finally, our study demonstrated deep learning’s ability to overcome 
two major challenges associated with shallow models: the need for intensive feature 
engineering and comparatively lower performance.

Among the lower-performing models, we were surprised to find that the RNN 
model underperformed compared to the SVM and Max Entropy models. This result 
may be attributed to the small dataset used for training. Previous research showed 
that deep learning models surpass traditional machine learning models as sample size 
increases, exhibiting continuous improvement, whereas traditional methods reach a 
performance ceiling (see Figure 1 for a visual illustration) [20]. Moreover, the per-
formance of base GPT models can be understood in the context of task complexity. 



Contemporary Psychometrics – New Developments and Applications

78

Advanced vocabulary and linguistic proficiency do not necessarily translate to 
domain-specific understanding. However, pre-trained models like BERT and GPT 
deviate from this trend, as they already possess a strong grasp of natural language. In 
these cases, additional input serves as domain-specific knowledge, making the train-
ing set significantly more efficient for fine-tuning.

When comparing fine-tuned GPT-3.5-turbo with the BERT model, GPT achieves 
better overall performance; however, BERT offers comparable results with signifi-
cantly greater efficiency and flexibility. First, BERT can be deployed on personal 
computers or freely accessible platforms such as Google Colab, Kaggle Kernels, and 
Jupyter Cloud Notebook, which many researchers already have access to. In contrast, 
GPT relies on an API-based service that charges users per token, making large-scale 
tasks expensive. For instance, fine-tuning GPT-3.5-turbo on our dataset (9656 
examples) with three epochs cost $20, and costs scale rapidly with larger sample sizes. 
Second, deep learning remains more flexible than GPT models, as researchers can 
modify model architectures for different tasks—an advantage that traditional deep 
learning retains over large language models (LLMs).

The rise of Generative Pre-trained Transformer (GPT) models has sparked debate 
over the relevance of traditional deep learning approaches. In this chapter, we argue 
that deep learning remains relevant for several reasons. First, deep learning continues 
to outperform many GPT models. As demonstrated in our research, models like BERT 
can achieve performance comparable to the best fine-tuned GPT model. Second, deep 
learning offers greater customizability, allowing researchers to tailor model architec-
tures and parameters to specific tasks and constraints. This adaptability is particularly 
beneficial for specialized tasks like content analysis. Third, while personal computers 
lack the resources to train LLMs from scratch, expertise in deep learning remains 
valuable for customizing and fine-tuning smaller, personalized LLMs in the future. 
Finally, deep learning is significantly more data efficient. LLMs require terabytes of 
data for training, whereas deep learning models operate on gigabytes and can run on 
personal computers. For focused, domain-specific tasks, deep learning models are not 
only cheaper and faster to train but also offer the flexibility to scale based on research 
needs by adjusting dataset size.

Figure 1. 
Model performance of deep learning vs. other machine learning algorithms as a function of sample size. Adapted 
from Ref. [20].
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4.1 Key contributions and limitations

Our findings provide significant insights to behavioral science and psychological 
research methods. First, we conducted a direct comparison of traditional machine 
learning, deep learning, and large language models using an identical organizational 
psychology dataset, providing researchers with practical guidance for model selection 
and deployment. Second, we demonstrate that, with pre-trained models, a mod-
erately sized psychological dataset can achieve human-level classification accuracy 
without manual feature engineering. Finally, while overfitting is a common concern 
in deep learning applications, we present a straightforward introduction to these 
methods, aimed at increasing researchers’ confidence in applying and refining such 
models.

While this study makes valuable contributions, it has several limitations. First, 
there is still progress to be made in helping our researchers build model architectures 
and address complex issues such as overfitting. A hands-on tutorial would provide 
an effective approach to introduce these advanced machine learning topics. Although 
in these models, the need for extensive feature engineering is reduced, achieving 
human-level performance still requires domain expertise in computer science, 
particularly for fine-tuning models.

Second, we did not determine the minimum sample size needed for deep learning 
models to achieve high accuracy. Addressing this would require access to a larger data-
set than the one used in this study. For the domain of organizational environmental 
sustainability, even where data on environmental sustainability initiatives exist, table 
schemas and category frameworks often differ. This challenge is common to content 
analysis tasks, especially when categories and coding standards are still under debate.

Finally, the scope of our GPT experiments was constrained by time and budget. 
While we explored nine model configurations, many additional combinations remain 
unexplored. For instance, future work could examine the performance of a fine-
tuned GPT-4 model or identify the minimum dataset size required to achieve human-
level accuracy for both BERT and fine-tuned GPT models.

In summary, while this study lays important groundwork for applying deep 
learning and GPT models to the classification of environmental initiatives, addressing 
these limitations will require expanded fine-tuning efforts, larger and more diverse 
datasets, and further research. These steps are critical for fully harnessing AI’s poten-
tial to advance environmental research and action.

4.2 Proposed future directions

The exploration of deep learning models for categorizing environmental initia-
tives reveals opportunities to further enhance model performance and reliability 
through advanced methodologies. A promising next step is the implementation of 
ensemble models, where multiple models collaborate to improve decision-making. 
Drawing from research on human judgment, ensemble models apply the “wisdom of 
crowds” principle, where diverse decision-makers collectively achieve more accurate 
and robust outcomes than any single expert. This approach is particularly valuable in 
complex domains such as environmental initiative categorization, where individual 
models may struggle to fully capture intricate data relationships.

Another critical area for future research is the advancement of GPT models. While 
future versions of GPT are likely to deliver improved performance, they will also impose 
greater computational demands and environmental costs. The energy consumption 
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associated with large language models (LLMs) is already a growing concern and is 
expected to become even more pressing. Researchers will need to weigh the benefits of 
LLMs against the imperative for responsible and sustainable AI practices.

Furthermore, interdisciplinary collaboration presents a promising solution to the 
challenge of sparse datasets. Given that content analysis spans multiple fields, inte-
grating deep learning expertise from diverse disciplines could lead to more innovative 
approaches. Partnerships between machine learning specialists and researchers in the 
social and behavioral sciences can help address complex problems more effectively, 
ensuring that GPT models are developed and applied ethically, responsibly, and in 
alignment with human values.

Finally, as computational approaches to computer-aided content analysis (CACA) 
incorporating machine learning continue to evolve, existing guidelines for CACA 
should be revisited and updated. Further research is also needed to evaluate the valid-
ity and reliability of deep learning methods in this domain.

5.  Conclusions

This study demonstrated the potential of deep learning and large language models 
to automate and improve the classification of organizational environmental initia-
tives. While fine-tuned GPT models and BERT outperformed traditional approaches, 
each method revealed distinct trade-offs in terms of performance, interpretability, 
and resource requirements. Our findings highlight the need for continued exploration 
of hybrid models, fine-tuning strategies, and interdisciplinary collaboration to fully 
leverage AI in content analysis. Future work should also address ethical, environ-
mental, and methodological challenges to ensure the responsible application of these 
technologies in organizational research.
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Appendix

RNN-LSTM

Category Precision Recall F1-Score

Changing how work is done 0.41 0.26 0.32

Choosing responsible alternatives 0.58 0.59 0.59

Creating sustainable products and processes 0.51 0.65 0.57

Educating and training for sustainability 0.61 0.49 0.54

Embracing innovation for sustainability 0.00 0.00 0.00
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RNN-LSTM

Category Precision Recall F1-Score

Encouraging and supporting others 0.45 0.46 0.45

Instituting programs and policies 0.64 0.81 0.72

Lobbying and activism 0.00 0.00 0.00

Monitoring environmental impact 0.76 0.80 0.78

Preventing pollution 0.59 0.62 0.61

Putting environmental interests first 0.00 0.00 0.00

Recycling 0.65 0.71 0.68

Reducing use 0.63 0.47 0.54

Repurposing 0.00 0.00 0.00

Reusing 0.00 0.00 0.00

Strengthening ecosystems 0.75 0.44 0.55

Micro-average 0.61 0.61 0.61

Weighted average 0.59 0.61 0.59

BERT

Changing how work is done 0.65 0.55 0.60

Choosing responsible alternatives 0.68 0.75 0.71

Creating sustainable products and processes 0.70 0.65 0.67

Educating and training for sustainability 0.83 0.90 0.86

Embracing innovation for sustainability 0.00 0.00 0.00

Encouraging and supporting others 0.68 0.67 0.68

Instituting programs and policies 0.79 0.84 0.82

Lobbying and activism 0.00 0.00 0.00

Monitoring environmental impact 0.79 0.93 0.86

Preventing pollution 0.80 0.81 0.81

Putting environmental interests first 0.00 0.00 0.00

Recycling 0.73 0.71 0.72

Reducing use 0.83 0.72 0.77

Repurposing 0.60 0.27 0.37

Reusing 0.00 0.00 0.00

Strengthening ecosystems 0.81 0.83 0.82

Micro-average 0.75 0.75 0.75

Weighted average 0.74 0.75 0.74

Table A1. 
Precision, recall and F1-scores for RNN-LSTM and BERT models.
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Figure A1. 
Architecture of RNN-LSTM model.

Figure A2. 
Architecture of BERT model.
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Chapter 5

Reviewing the Translated 
and Validated Scales in Positive 
Psychology in Sports within 
Arabic-Speaking Countries
Marei Ahmed

Abstract

Positive psychology in the sports field is an emerging discipline that offers valuable 
insights for practitioners, coaches, and professionals working with diverse populations, 
including young athletes, adults, the elderly, and individuals with special needs. This 
chapter reviews existing research on the translation, adaptation, and validation of 
positive psychology scales in sports across different cultural contexts, with a specific 
focus on the scarcity of studies within Arabic cultures. Findings indicate that well-
established methodologies are commonly used for scale validation, employing various 
statistical techniques to assess psychometric properties. These approaches reflect the 
diversity of theoretical models in the field. However, the review also highlights the 
limited application of Item Response Theory (IRT), with only a few studies utilizing 
one, two, or three IRT models. This gap underscores the need for further research 
incorporating advanced psychometric methods to enhance the validity and reliability 
of positive psychology assessments in sports.

Keywords: validation scales, psychometric properties, positive psychology, sports 
field, Arabic speaking

1. Introduction

The interdisciplinary field offers a unique framework for enhancing athletes’ 
performance, well-being, and overall development by focusing on their strengths, 
virtues, and optimal functioning. In recent years, researchers have adapted and 
validated various positive psychology scales in diverse cultural contexts, including 
Arabic-speaking populations [1]. These scales assess a range of constructs, such as 
character strengths, gratitude, and mindfulness, and can provide valuable insights 
into athletes’ psychological profiles [2–5]. However, a significant gap in the literature 
lies in the limited use of IRT models to analyze these scales. IRT offers a powerful 
statistical framework for evaluating the psychometric properties of assessments and 
can provide more precise and nuanced information about individual differences in 
athlete characteristics [6].
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1.1 Positive psychology

Positive psychology has shifted the focus of psychologists by creating a practical 
framework that explores “what actions lead to well-being, positive individuals, and 
thriving communities” [7]. It is a scientific study of human flourishing, focusing on 
the positive aspects and strengths of individuals and communities as pathways to 
well-being. Martin Seligman, a leading proponent of the theory, has played a sig-
nificant role in steering psychology away from an exclusive focus on pathology and 
illness. His work emphasizes the importance of supporting clients in identifying their 
strengths and setting goals to guide meaningful behavior [8].

The goal of positive psychology is to provide individuals and society with tools 
to flourish rather than dwell on mental ill-health, which has traditionally been the 
primary focus of psychology. Seligman [8] believed that a research-based approach 
could guide individuals toward flourishing and a satisfying life while also raising 
the standard for the human condition. Over the past decade, numerous branches 
of positive psychology have emerged and evolved, according to the official website 
of the International Positive Psychology Association. These branches include: (1) 
positive health and wellness, (2) positive clinical psychology (recently renamed 
positive clinical psychology), (3) positive education, (4) work and organizations, 
(5) a branch for students across various sub-specialties, (6) positive neuroscience 
(currently discontinued), and (7) spirituality and meaning, which emphasizes spiri-
tual and religious connections without regard to racial, ethnic, gender, or cultural 
backgrounds (“IPPA”, [9]).

1.2 Exercise and sport psychology

Exercise psychology and sports psychology explore the scientific influence of 
psychological factors on participation and performance in sports, exercise, and 
physical activity. Sports psychologists primarily focus on two key areas: (a) assisting 
athletes in utilizing psychological principles to enhance their mental well-being and 
performance and (b) investigating the impact of involvement in sports and physical 
activity on psychological development, health, and overall well-being throughout 
their lifespan. These disciplines have evolved, expanding from a primary focus on 
performance enhancement to encompass the promotion of health and well-being 
through regular physical activity. This evolution has led to the emergence of exercise 
psychology as a distinct field, often merging it with health psychology [10].

1.3 Positive psychology in sports

Positive psychology can be effectively applied to various aspects of sports and 
physical activity. However, it is crucial to acknowledge the diverse contexts, activities, 
and meanings associated with sports and physical activity. Given the broad spectrum 
of activities encompassed by the term “sport,” providing a single, definitive defini-
tion is challenging. A broader perspective defines sport as encompassing all forms of 
physical activity, whether casual or organized, that aim to improve physical fitness, 
enhance mental well-being, foster social relationships, and achieve competitive suc-
cess at various levels.

Positive psychology in sports aims to enhance performance through competition 
while simultaneously improving well-being and happiness, which are often under-
represented in Arab societies. Furthermore, the research tools employed in positive 
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psychology can be adapted for use in educational sports settings to measure various 
variables and contribute to personal fulfillment and higher quality of life [11, 12].

No doubt, positive psychology in sports is a specialized and emerging field that 
offers multifaceted contributions to recreational, educational, and competitive sports. 
Its primary objective is to elucidate the complex, interactive relationships between 
positive psychology and the various facets of sports. This branch aims not only to 
enhance the performance and development of athletes but also to support individuals, 
teams, and staff in achieving their optimal level of well-being, ultimately leading to 
a better, more prosperous life throughout their lifespan. This field provides valuable 
knowledge and international research for professionals and researchers, including 
psychologists, in areas related to physical activity at all levels. This knowledge can be 
applied to individuals of all ages, including children, adults, and the elderly, as well as 
those with special needs, by understanding and utilizing theoretical models, research 
findings, and practical suggestions [1, 12, 13].

2. Methodology

To ensure a comprehensive and structured approach to the review, a clear method-
ology was employed. Below are the key methodological steps taken:

2.1 Type and nature of reviewed studies

This study adopts a narrative review approach, meaning that it synthesizes exist-
ing literature without adhering to the strict methodological framework of systematic 
reviews. The goal is to identify key themes, trends, and research gaps related to posi-
tive psychology in sports within Arabic-speaking countries.

It is important to clarify that while the methodological approach of this study is a 
narrative review, the majority of the reviewed studies are instrumental studies pri-
marily focused on scale validation and psychometric assessment. As such, this review 
provides a structured synthesis of psychometric research, analyzing the methods, 
findings, and implications of these validation studies within the field of positive 
psychology in sports.

2.2 Search strategy

The literature search was conducted using EBSCOhost and Google Scholar, two 
widely recognized academic databases. The following keywords were used to identify 
relevant studies: “positive psychology in sports”, “validation scale in positive psychol-
ogy”, “validation scale in sports”, “positive psychology scale Arabic athletes”, and 
“Adaptation scales in positive psychology sports”. Filters have been applied to include 
peer-reviewed journal articles, conference proceedings, and dissertations published 
between 2010 and 2024.

2.3 Inclusion and exclusion criteria

2.3.1 Inclusion criteria

Studies published in English, Arabic, or French were selected. Articles focusing 
on the translation, adaptation, or validation of positive psychology scales in sports 
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were specifically targeted. Additionally, research involving Arabic-speaking athlete 
populations was included. Only empirical studies providing psychometric evaluations 
were considered for inclusion.

2.3.2 Exclusion criteria

Conversely, non-peer-reviewed articles, such as blog posts and editorials, were 
excluded. Studies that did not specifically focus on both positive psychology and 
sports were omitted. Research lacking clear psychometric analysis, such as validity 
and reliability, was similarly excluded.

2.4 Selection and analysis process

Following the predefined search strategy, a three-step selection process was 
conducted. Firstly, initial filtering was performed based on the relevance of the title 
and abstract to the study objectives. Articles that passed this stage then underwent a 
full-text review to ensure methodological rigor. Lastly, key information, including the 
study design, assessed psychometric properties, and major findings, was extracted for 
thematic analysis.

The selected studies were chosen to provide a diverse and representative overview 
of positive psychology research in sports within Arabic-speaking contexts. Particular 
emphasis was placed on articles that followed rigorous psychometric validation 
methods, ensuring their applicability to Arabic-speaking athletes.

3. Results

3.1 Studies on non-Arabic samples

Several studies have focused on validating various psychological scales in sports 
contexts, emphasizing their reliability and validity across diverse populations. The 
following table summarizes studies found on positive psychology scales in sports.

The studies summarized in Table 1 generally report acceptable levels of reliability 
for the instruments evaluated. For example, Santi et al. [14] found acceptable reli-
ability for the Athlete Psychological Well-Being Inventory (APWBI), and Nogueira 
López et al. [15] confirmed that the adapted Short Grit Scale (Grit-S) demonstrated 
acceptable reliability among amateur runners. In a revision of the Gratitude 
Questionnaire-Six-Item Form (GQ-6), Fung [16] revised it to a five-item version 
(GQ-5) for improved reliability. Additionally, both Borrajo et al. [17] and Pereira 
da Silva et al. [18] reported that their adapted scales showed reliability within their 
respective samples.

The scales evaluated across the studies exhibit strong validity evidence. Sood and 
Puri [19] validated the Spanish version of the Psychological Capital Questionnaire 
(PCQ ) and confirmed a four-factor structure. Borrajo et al. [17] also adapted and 
validated the PCQ for athletes, supporting its validity in a sports context. Studies like 
those by Peixoto et al. [20] and Lichtenstein et al. [21] provided validation for the 
Passion Scale, confirming a two-factor structure in Brazil and a three-dimensional 
structure in Denmark, respectively. Similarly, Nascimento-Junior et al. [22] and 
Bicalho et al. [23] presented evidence supporting the validity of the Life Skills Scale 
for Sport (LSSS) and the 5Cs model of youth development across cultures.
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3.2  Statistical and research methods used for translation, adaptation, and 
validation of positive psychology scales in sports

Positive psychology in sports research employs a diverse array of statistical 
methodologies to develop and validate measurement instruments. One commonly 
utilized approach is Exploratory and Confirmatory Factor Analysis. These techniques 
are employed to examine the underlying factor structure of scales and assess their fit 
with theoretical models.

Another key methodology is Structural Equation Modeling (SEM), which allows 
for the investigation of complex relationships between multiple variables, such as the 
interplay between positive emotions, motivation, and performance. Additionally, 
Measurement Invariance Testing is utilized to ensure that the scale consistently mea-
sures the same construct across different groups, such as male versus female athletes 
or individuals from different cultural backgrounds.

Author(s) Year Instrument evaluated Sample Key findings

Sood and Puri 2023 Psychological Capital 
Questionnaire (PCQ )

Spanish-
speaking 
athletes

Validated Spanish version; 
confirmed four-factor structure.

Borrajo et al. 2022 Psychological Capital 
Questionnaire (PCQ )

Athletes Adapted and validated for sports; 
demonstrated reliability and 
validity.

Santi et al. 2024 Athlete Psychological 
Well-Being Inventory 
(APWBI)

English-
speaking 
athletes

Acceptable reliability and 
construct validity.

Nogueira López 
et al.

2023 Short Grit Scale (Grit-S) Amateur 
runners

Adapted for runners; 
demonstrated acceptable validity 
and reliability.

Pereira da Silva 
et al.

2022 Self-Compassion Scale 
(SCS)

Young 
Brazilian 
athletes

Validated across genders; supports 
healthy relationships in sports.

Peixoto et al. 2019 Passion Scale Brazilian 
athletes

Confirmed two-factor structure; 
measurement invariance across 
competitive levels.

Lichtenstein et al. 2020 Passion Scale Danish fitness 
sample

Revealed a three-dimensional 
structure.

Salama-Younes 
and Hashim

2018 Passion Scale French 
athletes

Validated through CFA; showed 
subjective vitality mediates 
passion and life satisfaction.

Fung 2024 Gratitude Questionnaire-
Six-Item Form (GQ-6)

Chinese 
sample

Revised to a five-item 
version (GQ-5) for improved 
reliability.

Nascimento-
Junior et al.

2020 Life Skills Scale for Sport 
(LSSS)

Athletes Validated in diverse cultures; 
supports resilience and growth.

Bicalho et al. 2022 5Cs model of youth 
development

Athletes Confirmed validity and 
psychometric properties in 
different cultural contexts.

Table 1. 
Summary of reviewed studies on positive psychology scales in sports.
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Reliability is also a crucial aspect of these methodologies, specifically focusing on 
internal consistency and test-retest stability. Internal consistency refers to the consis-
tency of the results across items within a test, while test-retest stability ensures that a 
test produces stable and repeatable results under the same conditions.

These methods have been applied in studies examining a range of positive psycho-
logical constructs in athletes and physical education students, including optimism, 
explanatory style, subjective well-being, enjoyment, resilience, passion types, and 
positive and negative effects.

3.3  Studies on the development and validation of positive psychology scales in 
Arabic countries

In Arabic countries, EBSCO and Google Scholar were used for the review, and it 
was found that very few studies followed a rigorous method to translate and validate 
the scales. This section highlights several key studies that have focused on developing 
and validating positive psychology scales specifically for Arabic-speaking athletes. 
The following key findings in Table 2 can only be found in EBSCO and Google 
Scholar.

The studies present strong evidence of reliability across the evaluated instruments. 
For example, Salama-Younes [6, 24–26] reported good internal reliability for the 
Psychological Flourishing Scale (PFS) among Egyptian student-athletes [27], while 

Author(s) Year Instrument evaluated Sample Key findings

Salama-Younes 2011 Mental Health 
Continuum-Short Form 
(MHC-SF)

Egyptian 
adolescent 
athletes

Supported a three-factor model 
(emotional, psychological, social 
well-being); positive correlation 
with subjective vitality.

Salama-Younes 2014a, 
2014b

Psychological 
Flourishing Scale (PFS)

Egyptian 
student-athletes

Demonstrated good structural 
validity and internal reliability; 
supported temporal stability and 
convergent validity.

Salama-Younes 2015 Passion Scale 790 older 
French adults 
(55–72)

Confirmed scale structure; 
subjective vitality mediates 
harmonious passion and life 
satisfaction.

Salama-Younes 2017 Arabic Psychological 
Flourishing Scale (PFS)

Egyptian sports 
college students

Strong internal reliability, moderate 
temporal stability, and convergent 
validity with well-established 
measures.

Mnadla et al. 2017 Positive and Negative 
Affect Schedule 
(PANAS-D)

519 Tunisian 
athletes

Supported two-factor structure 
(positive and negative affect); 
validated Arabic-Tunisian version.

Salama-Younes 
and Hashim

2018 Arabic Passion Scale 551 older 
Egyptian adults

Showed gender and activity group 
invariance; subjective vitality 
mediates harmonious passion and 
life satisfaction.

Abbassi et al. 2021 Physical Education 
Flow Questionnaire 
(PHFLOW)

Arabic-
speaking 
students

Confirmed four-dimensional 
structure, strong internal 
consistency, and concurrent 
validity.
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Mnandla et al. [28] confirmed the internal consistency of the Positive and Negative 
Affect Schedule (PANAS-D) in a Tunisian athlete sample. Similarly, Ben Salha et al. 
[29] established good internal consistency for the Mindfulness Inventory for Sport 
(MIS-TAM). These findings indicate that the instruments used are stable and reliable 
across various populations.

The validity of the instruments is well-supported by multiple studies. Salama-
Younes [2, 3] found a positive correlation between the Mental Health Continuum-
Short Form (MHC-SF) and subjective vitality, affirming its construct validity. The 
Psychological Flourishing Scale (PFS), evaluated in multiple studies by Salama-
Younes [6, 24] and Ali and Salama-Younes [13], demonstrated good structural and 
convergent validity. The Arabic Passion Scale showed invariance across gender and 
activity groups [12], enhancing its validity in diverse contexts. Notably, Ahmed et 
al. [30] confirmed through path analysis that resilience mediates the relationship 
between passion and life satisfaction, further supporting the tools’ construct validity 
in measuring complex psychological constructs.

4. Discussion

The review of the studies conducted on non-Arabic samples illustrates the adapt-
ability and relevance of psychological instruments in diverse athlete populations, 
highlighting their validation across various cultural contexts and sports. The studies 
underscore the importance of tailoring psychological tools to fit specific groups, such 
as Spanish-speaking athletes or amateur runners, which can enhance their applicabil-
ity and effectiveness (as seen in the works of Sood and Puri, [19], and Nogueira López 
et al. [15]). Moreover, confirming the psychometric properties of these scales not only 
facilitates a deeper understanding of athlete psychology but also encourages further 
research into resilience, well-being, and personal development in sports. Overall, the 
established reliability and validity of these instruments suggest they can be effectively 
utilized in both research and practical settings to support athlete mental health and 
performance.

Additionally, the review of studies on the development and validation of positive 
psychology scales in Arabic countries highlights the importance of culturally adapted 

Author(s) Year Instrument evaluated Sample Key findings

Ali and 
Salama-Younes

2021 Flourishing Scale (FS) Egyptian male 
Judo players

Strong structural validity; 
subjective vitality mediates the 
relationship between flourishing 
and life satisfaction.

Ben Salha et al. 2022 Mindfulness Inventory 
for Sport (MIS-TAM)

North African 
athletes

Confirmed three-factor structure 
(Awareness, Non-Judgment, 
Refocusing); good internal 
consistency.

Ahmed et al. 2024 Passion, Resilience, Life 
Satisfaction Scales

Older Moroccan 
distance 
runners

Path analysis confirmed that 
resilience mediates the relationship 
between passion and life 
satisfaction

Table 2. 
Summary of reviewed studies on positive psychology scales in sports.
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psychological instruments in understanding mental health and well-being in athletic 
populations in North Africa and the Arab world. The consistent findings regarding 
the reliability and validity of these instruments underscore their potential use in 
both research and practical settings. Salama-Younes’ work, in particular, showcases 
the integration of subjective vitality as a key mediating factor in the relationships 
between various psychological constructs, such as flourishing and life satisfaction. 
The confirmation of structural models across diverse samples reinforces the relevance 
of these scales in capturing the nuanced experiences of athletes. Overall, the studies 
provide valuable insights into the psychological dynamics of athletic populations and 
suggest that promoting practices such as mindfulness and passion can contribute to 
enhanced well-being and performance.

Furthermore, the studies collectively demonstrate ongoing efforts to establish the 
reliability and validity of various psychological scales in Arabic-speaking contexts, 
with a focus on athlete populations. These findings contribute to a growing body 
of research highlighting the importance of psychological well-being in sports and 
the need for culturally sensitive and linguistically appropriate assessment tools. 
These studies represent valuable contributions to the field, as they not only validate 
these tools for use in Arabic-speaking contexts but also enhance our understanding 
of psychological well-being in sports settings within these cultures. These find-
ings highlight the crucial role of positive constructs such as resilience, passion, and 
mindfulness in athlete development. Ongoing research underscores the growing 
recognition of the importance of mental health and well-being in sports, particularly 
within non-Western cultures, and supports the potential for further integration of 
positive psychology principles into athletic training and development programs in 
Arabic-speaking regions.

5. Recommendations

Several internationally recognized frameworks ensure robust and cred-
ible processes, often recommended by organizations such as the World Health 
Organization (WHO) and the International Test Commission (ITC). In sport 
psychology, Vallerand and Halliwell [31] proposed a rigorous methodology for 
this purpose, and more recently, Cruchinho et al. [32] provided a practical guide 
aimed at the same objective. However, there is currently no single, universally 
mandated methodology for the translation and validation of psychological scales 
officially accredited by any global body. In Arabic-speaking countries, few studies 
have adhered to this rigorous methodology for translating and validating positive 
psychology scales in sports.

Drawing from these references, this chapter proposes an approach for this process, 
which can generally be illustrated in this section.

5.1  Recommended methodology for translating, adapting, and validating 
positive psychology scales for Arabic athletes

The general process of the proposed methodology begins with forward and back-
ward translation to ensure linguistic and conceptual equivalence. This is followed by 
cultural adaptation, where items will be modified to align with the target population’s 
cultural and social norms. Next, pretesting will be conducted to evaluate item clarity 
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and relevance. This phase will involve psychological experts and linguists to ensure 
the items are appropriate and effective. Subsequently, the psychometric properties 
will be assessed. This will include evaluations of reliability, validity, and structural 
equivalence, ensuring that the measurement instruments are sound and reliable. 
Finally, the process will be thoroughly documented. This step will maintain transpar-
ency and ensure the process can be replicated in future studies.

The detailed methodology for Arabic contexts will be illustrated as follows.

5.2 Pre-translation phase

The pre-translation phase will begin with a comprehensive literature review. This 
will involve a thorough examination of existing literature on the identified scales to 
understand their psychometric characteristics and previous validation efforts within 
various cultural contexts. Additionally, any preexisting Arabic adaptations of these 
scales will be evaluated, with a focus on identifying their shortcomings. Following 
this, the selection of the most suitable scales will be undertaken. Relevant positive 
psychology scales to be translated will be identified, including the Flourishing Scale, 
Satisfaction with Life Scale, PANAS, Mindfulness Inventory for Sport, Passion Scale, 
and Attributional Style Questionnaire. It will be essential to ensure that the selected 
scales are suitable for sports contexts, considering the psychological constructs they 
measure, such as flourishing, life satisfaction, and mindfulness.

Cultural considerations will also be paramount. Experts in positive psychology, 
sports psychology, bilingualism, and cultural psychology will be engaged to ensure 
the cultural appropriateness of the scales for Arabic-speaking athletes. Potential cul-
tural differences in how the constructs measured by the scales manifest in the Arabic 
athletic context will be identified and addressed accordingly.

5.3 Translation process

The translation process will begin with assembling a team of bilingual experts in 
Arabic language, psychology, and sports science. This team should include a subject 
matter specialist to ensure the accurate representation of psychological constructs. 
The first step will be forward translation, where the scale will be translated from its 
original language (usually English) to Arabic. This process will ensure that the mean-
ing and cultural relevance of the items are preserved.

Following this, a back-forward translation will be conducted by a different set of 
bilingual experts who are unfamiliar with the original scale. They will translate the 
Arabic version back into English to verify accuracy and consistency. The back-trans-
lated version will then be compared with the original to identify any discrepancies in 
meaning. Finally, an expert review will be conducted. A panel of experts will review 
both the forward and back translations to resolve any ambiguities and inconsisten-
cies. The translations will then be modified as necessary to ensure that the scale 
remains contextually appropriate.

5.4 Adaptation phase

During the adaptation phase, cultural adaptation will be crucial. Items will be 
modified to reflect the cultural values and norms of Arabic-speaking athletes. Focus 
group discussions with athletes from different Arabic countries will be conducted to 
identify language barriers or cultural misinterpretations.
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Psychological and language expertise will be essential in this phase. Psychological 
and language experts will be involved to review item clarity, relevance, and cultural 
sensitivity. The psychological expert will assess the validity and reliability through 
pilot testing, while the language expert will ensure clarity and accuracy.

Pilot testing will then be carried out with a small group of athletes, typically 20–30 
participants, to assess item clarity and relevance. Qualitative feedback will be col-
lected on items that may be confusing or culturally inappropriate.

5.5 Validation phase

In the validation phase, sample selection will be a critical first step. A diverse 
sample of Arabic-speaking athletes across various sports and countries will be 
selected, ensuring a representative distribution of age, gender, and competitive level.

Reliability testing will follow, beginning with an internal consistency analysis 
using Cronbach’s alpha for each subscale to assess reliability. Temporal stability will 
also be tested through test-retest reliability, particularly for scales measuring stable 
constructs.

To evaluate factorial validity, Exploratory Factor Analysis (EFA) will be per-
formed to explore the underlying structure of the scale. This will be followed by 
Confirmatory Factor Analysis (CFA) to confirm the hypothesized structure and assess 
model fit.

Construct validity will then be examined by correlating the new scale with estab-
lished scales measuring similar constructs, ensuring convergent validity. Divergent 
validity will also be confirmed to ensure that the scale does not measure unrelated 
constructs.

Concurrent validity will be investigated by examining relationships between 
translated scale scores and relevant psychological and performance outcomes for 
athletes. Finally, sensitivity and specificity will be assessed using receiver operating 
characteristic (ROC) curve analysis to determine the scale’s ability to differentiate 
between performance levels.

5.6 Final testing and refinement

In the final testing and refinement phase, scale items will be refined based on find-
ings from psychometric analyses. IRT will be employed to enhance item performance 
and ensure cultural fit. This step will ensure that the scale is both clear and reliable.

Following refinement, a final validation study will be conducted with a larger 
sample to confirm the robustness of the scale across different populations and 
contexts. This step will help to ensure the scale’s applicability in diverse settings. The 
findings from the validation study will then be reported and disseminated. This will 
include publishing the psychometric properties and providing recommendations 
for using the scale with Arabic-speaking athletes. Additionally, guidelines will be 
provided for future research and interventions that utilize the scale, ensuring the 
continued utility and relevance of the validated instrument.

5.7 Ongoing monitoring and adaptation

Ongoing monitoring and adaptation will be essential for maintaining the effec-
tiveness and relevance of the scale within the evolving cultural and sports landscape 
of Arabic-speaking regions. Periodic assessments will be conducted to ensure the 
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scale remains applicable and accurate. Follow-up studies will also be performed as 
necessary to revalidate the scale, adapting it to any changes in cultural norms or 
contexts.

By adhering to this methodology, researchers will be able to reliably adapt, 
culturally tailor, and psychometrically validate positive psychology scales for 
Arabic-speaking athletes. This process will facilitate the accurate assessment of key 
psychological constructs in sports contexts. The revised methodology will offer a 
comprehensive framework for researchers, contributing to a deeper understanding of 
athlete well-being in these cultures.

6. Conclusion

Over the past two decades, numerous scales and inventories have been developed 
in positive psychology, primarily based on theoretical models and knowledge frame-
works from North America and Europe. Many of these research instruments were 
originally designed in English and subsequently translated and adapted into other 
languages, cultures, and contexts.

It is recommended that, for the initial phase of utilizing reliable and valid scales in 
different cultures (such as Arab culture), translation and adaptation be the preferred 
methodologies for several reasons. While acknowledging the advantages of this 
approach, such as establishing a knowledge base and conserving time and resources, 
it is emphasized the importance of adhering to a rigorous scientific methodology 
when adapting and validating these instruments for the Arab context. This methodol-
ogy facilitates the assessment of the universality of these instruments and enables 
cross-cultural comparisons.

To establish a solid knowledge base, careful selection of research instruments is 
essential before translation and adaptation. The instruments must be suitable for the 
sample, culture, and other relevant factors. After verifying the psychometric proper-
ties using various methods, it is crucial to ensure that only valid and reliable scales 
are utilized. Therefore, a standardized methodology for translation, adaptation, and 
contextualization is necessary, considering specific activities (e.g., training, competi-
tion) and the characteristics of the target population. For instance, adaptation for 
non-elite, non-adult youth athletes requires accounting for differences compared to 
samples with special physical or intellectual abilities.

Moreover, the researcher notes that developing new research instruments in the 
Arab context can be appropriate, both for general purposes and specific contexts. 
Studies from Western contexts have demonstrated that research instruments can be 
developed for specialized domains (e.g., physical education as an internal activity, 
team resilience, and gym training). However, it is essential to first verify the psycho-
metric properties of any adapted instrument before utilizing it with the main study 
sample.

The present work examines the emerging and specialized area of validating 
positive psychology scales in the sports field, with a particular emphasis on Arabic-
speaking countries. It contributes to filling a gap in the existing academic literature 
and highlights the importance of translating, adapting, and validating scales for 
specific cultural contexts. The chapter includes a review of pertinent studies, discuss-
ing both progress and challenges in translating and validating scales across diverse 
cultural settings, especially in Arabic-speaking regions. It also presents a structured 
approach for the translation, adaptation, and validation of psychological scales, 
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drawing on international methodologies. This approach offers a practical guide that 
can support both researchers and practitioners. By emphasizing the significance of 
positive psychology in sports, this chapter has the potential to impact both research 
and practice, particularly in regions with less-established traditions in this field, such 
as Arabic-speaking countries.

Finally, utilization of IRT in the adaptation and validation of positive psychology 
scales offers significant benefits that enhance the precision and reliability of measure-
ment instruments and improve the overall quality of the scales.
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the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0), 
which permits unrestricted use, distribution, and reproduction in any medium, provided 
the original work is properly cited. 
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Chapter 6

Psychometric Analysis of an 
Instrument to Study Retention in 
Engineering: Do Results Support 
the Gender Similarity Hypothesis?
Kenneth J. Reid

Abstract

Incoming engineering programs are typically highly qualified students with strong 
academic credentials. However, retention in engineering remains lower than most 
other programs of study. Efforts to address retention by modeling student success, 
and incorporating noncognitive attributes into those models has proven somewhat 
successful, and inclusion of affective characteristics have proven to be more accurate 
than those using only cognitive variables. The Student Attitudinal Success Instrument 
(SASI-I), a survey assessing nine specific noncognitive constructs, was developed 
based largely on existing, validated instruments. It was designed to collect data on 
affective (non-cognitive) characteristics for incoming engineering students (a) which 
can be collected prior to the first year and (b) for which higher education institutions 
may have an influence during students’ first year of study. Three years of data from 
incoming first-year engineering students were collected and analyzed. This work 
was conducted toward investigating the following research questions: 1. Do the scale 
scores of the instrument demonstrate evidence of reliability and validity, and what is 
the normative taxonomy of the scale scores of first-year engineering students across 
multiple years? 2. How similar or dissimilar are the normative taxonomies of male vs. 
female students, and do these taxonomies support the Gender Similarity Hypothesis? 
3. Does evidence suggest a trend over time in the difference for characteristics where 
differences between male and female students were found? Support for the gender 
similarity hypothesis was found. Differences in almost all affective characteristics 
between genders were found to be insignificant with a low effect size.

Keywords: affective, cluster analysis, engineering, gender, non-cognitive, normative 
taxonomy, retention, SASI-I

1.  Introduction

Students admitted into engineering programs are largely academically talented, 
with high strong grade point averages and standardized exam scores above the norm. 
Unfortunately, many of these students fail to complete their engineering degree, 



Contemporary Psychometrics – New Developments and Applications

106

often leaving at the end of their first year of study. Further, the unwieldy prerequisite 
structure in engineering makes it difficult for students to transfer into engineering, 
which means that engineering programs show a significantly lower percentage of 
retained students when compared to other disciplines.

There is a significant body of literature in retention in undergraduates, including 
retention within Science, Technology, Engineering and Mathematics (STEM) and 
within engineering. Efforts to address lower retention, especially among under-
represented students, including females, have been well documented. These include 
the development of first-year engineering programs, to pedagogical improvements, 
to curricula focused on design, mentorship programs, experiential curricula, etc. 
Studies have demonstrated evidence of strong predictive power of noncognitive 
attitudes over purely cognitive measures of students in retention and future academic 
performance [1–12].

One of the initial surveys designed specifically to address noncognitive attributes 
that may be assessed prior to the start of the student’s first year and for which inter-
ventions may be developed is the Student Attitudinal Success Inventory (SASI-I). 
This paper focuses on the psychometric analysis of the initial version of the SASI-I, 
which was shown to be valid and reliable, and further discusses the use of normative 
taxonomy of first-year engineering students across multiple years to assess engineer-
ing students’ multifaceted non-cognitive attributes. Further, studies of shifts in 
noncognitive attributes over the first year of study have repeatedly shown trends for 
affective characteristics in an unfavorable direction [8, 13, 14]. The scale was used to 
examine differences by gender, and whether the data supports the Gender Similarity 
Hypothesis. This paper introduces analysis techniques in the study of noncognitive 
characteristics of first year engineering students.

2.  Driving research questions

Specific research questions which led to this analysis include:

1. What is the evidence of reliability and validity for the SASI-I instrument consist-
ing of a number of affective/attitudinal factors related to student success, based 
on incoming first-year engineering student responses?

2. How similar or dissimilar are the normative taxonomies of male vs. female stu-
dents, and do these taxonomies support the Gender Similarity Hypothesis?

3. Does evidence suggest a trend of increase or decrease over time in the difference 
for characteristics where differences between male and female students were 
found?

3.  Instrumentation

Data were based on three incoming cohorts of undergraduate students enrolling in 
engineering in a large Midwestern university over a three-year period: cohort 1 (2004, 
N = 1605), cohort 2 (2005, N = 1777), and cohort 3 (2006, N = 1779) as shown in 
Table 1. Each cohort consists of all entering first-year students who were admitted to 
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the college of engineering but had not yet started their first semester. A small number 
of included students did not enroll or attend classes at the institution.

Data on the affective and attitudinal characteristics of all incoming engineering 
students were gathered using the 161-item SASI-I. This data was utilized to identify 
the normative taxonomy of incoming student cohorts [15]. Students completed the 
SASI-I online as part of a mandatory orientation activity, providing responses on a 
Likert scale ranging from 1 (Strongly Agree) to 5 (Strongly Disagree). The SASI-I 
was administered alongside placement tests (e.g., math, chemistry) before the first 
semester and again at the end of the academic year. Students who did not complete all 
three components of the SASI-I assessment were excluded from the analysis. The self-
report measures were designed to evaluate students’ affective and attitudinal beliefs 
across various constructs, each identified in the literature as critical to academic 
success [1, 15].

• Academic motivation:

 ⚬ 25 items in four subfactors: Control, Challenge, Curiosity and Career.

• Metacognition:

 ⚬ 20 items in four subfactors: Planning, Self-monitoring/Self-Checking, 
Cognitive Strategy and Awareness.

• Deep learning:

 ⚬ 10 items in two subfactors, Motive and Strategy.

• Surface learning:

 ⚬ 10 items, originally with identical subfactors to Deep Learning. Factor analysis 
yielded two different subfactors, labeled Memorization and Studying.

• Academic self-efficacy:

 ⚬ 10 individual items that proved to not form specific subfactors.

• Leadership:

 ⚬ 20 items with four subfactors, Motivation, Planning, Self-Assessment and 
Teammates.

Pre-year Post-year

Number Male Female Number Male Female

Cohort 1 1605 1297 (80.8%) 308 (19.2%) 722 563 (78.0%) 159 (22.0%)

Cohort 2 1777 1502 (84.2%) 275 (15.5%) 627 516 (82.3%) 111 (17.7%)

Cohort 3 1779 1482 (83.3%) 297 (16.7%)

Table 1. 
Demographics of student cohort groups, pre- and post-surveys.
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Construct Origin NS Nt Subconstruct Ni

Intrinsic motivation Academic Intrinsic Motivation Scale 
(AIMS) [16]

4 25 Career 5

Challenge 6

Control 7

Curiosity 7

Academic self-efficacy Based on [17] 1 10 Self-efficacy 10

Expectancy-value Based on [18] 5 32 Expected use, acad 
resources

5

Community 
involvement

4

Employment 
opportunities

8

Persistence 7

Social engagement 8

Deep learning 
approach

Revised two-factor Study Process 
Questionnaire (R-SPQ-2F) [19]

2 10 Motive 5

Strategy 5

Surface learning 
approach

2 10 Memorization 3

Studying 7

Metacognition Based on State Metacognitive 
Inventory [20]

4 20 Awareness 5

Cognitive strategy 5

Planning 5

Self-checking 5

• Team vs. individual orientation:

 ⚬ 10 items in two subfactors, Individual and Team Dynamic.

• Expectancy-value:

 ⚬ 32 items in five subfactors: Academic Resources, Community Involvement, 
Employment Opportunities, Persistence and Social Engagement.

• Major Decision:

 ⚬ 21 items in four subfactors: Certainty of Decision, Difficulty in Decision, 
Personal Issues, and Urgency. One question was shown not to load to any of the 
subfactors and is assessed on its own (ironically, Independence).

The multilevel structure allows each item to load onto both a higher-order con-
struct or general factor (e.g., Major Decision) and a specific subfactor within the 
construct’s domain (e.g., the Certainty of Decision subfactor under Major Decision), 
enabling analysis at various levels.

Table 2 shows a summary of constructs, subconstructs, and number of items in 
each construct and subconstruct.
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4.  Psychometric analysis

4.1 Internal consistency of scales and subscales

Internal consistency of scale and subscale scores was shown by calculat-
ing Cronbach’s coefficient alpha; values exceeding 0.80 are desired [24, 25]. The 
Spearman-Brown formula [26, 27] was used to estimate Cronbach’s alpha in any 
subscale containing less than 10 items since Cronbach’s coefficient alpha is sensitive to 
the number of items within a construct.

4.2 Construct and subscale structure

Factor analytic procedures were employed to examine the multidimensional struc-
tures of the scales. Each item was designed to load onto a general construct (e.g., Surface 
Learning) and a specific subscale within the construct’s domain (e.g., the Studying 
subscale under Surface Learning). This approach reflects the multidimensional nature 
of the scales. Constructs with a pre-defined structure were analyzed using Confirmatory 
Factor Analysis (CFA), while Exploratory Factor Analysis (EFA) was applied to constructs 
developed specifically for this instrument to establish their subscale structures.

EFA was conducted using SAS (version 9.1.3) with the proc. factor procedure and a 
promax rotation. Promax rotation optimizes the alignment of axes to achieve the best 
item loadings. The appropriate number of factors was determined using the Kaiser 
criterion, which identifies factors with eigenvalues greater than 1, and by analyzing 
the scree plot of eigenvalues. These methods ensured a robust foundation for defining 
the factor structure of the scales.

CFA was then performed to test the factor structure of each construct. Fit was assessed 
from the 2004 student cohort using LISREL™. Path diagrams were developed to specify 
the relationship between each latent variable and its associated subscale, excluding 
self-efficacy. The null hypothesis (H0) is that the data will adequately fit the proposed 

Construct Origin NS Nt Subconstruct Ni

Leadership Based on [21] 4 23 Motivation 5

Planning 4

Self-assessment 7

Teammates 7

Team vs. individual 
orientation

Based on [22] 2 10 Individual dynamic 5

Team dynamic 5

Major decision Based on [23] 5 21 Certainty of decision 3

Difficulty of decision 10

Personal issues 4

Urgency 3

Independence 1

Total 9 constructs 29 161 161

Table 2. 
Constructs, subconstructs, and number of items in each construct.
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structure for each construct at the item level. For constructs requiring EFA to define 
subscales, a randomly selected subset of the data (n = 500) was used for EFA, while a 
mutually exclusive subset (n = 1000) was used to validate the structure through CFA. This 
two-stage approach ensured both exploration and confirmation of the factor structures.

Model fit in CFA was evaluated using multiple criteria, including the chi-
square statistic, Comparative Fit Index (CFI), Goodness of Fit Index (GFI), and 
Root Mean Square Error of Approximation (RMSEA). Although the chi-square 
statistic was reported, its sensitivity to large sample sizes (e.g., >1500 students) 
limits its applicability as a sole indicator. Fit was assessed using thresholds 
proposed by Hu and Bentler [28], where CFI > 0.95 and RMSEA < 0.08 indi-
cate acceptable fit, with RMSEA < 0.05 suggesting excellent fit. Tanguma [29] 
also noted that the CFI and GFI were stable with large samples (n > 500), with 
GFI > 0.90 representing acceptable model fit.

4.3 Cohort group normative taxonomy

To show factor stability over time, McDermott’s [30] three stage cluster analysis 
clusters students with similar response patterns. This was used on each cohort to 
determine normative taxonomies. Each cohort was compared to each other cohort to 
determine similarity from year to year.

The first step of the analysis was to convert raw scores to normalized z-scores to 
equally weight each of the nine affective/attitudinal constructs with respect to each other. 
Mutually exclusive groups of approximately equal size partitions of the data using Ward’s 
minimum variance method (B = number of blocks) [31]. For example, data for the 2005 
cohort consists of nine blocks: seven with 197 and two with 199 students, with a normal-
ized z-score for each affective/attitudinal construct for each student. For each random 
block, criteria for determining the optimal number of clusters (K) included the R2 statistic 
(the proportion of the variance accounted for by the clusters), the pseudo-F statistic over 
the pseudo-t2 statistic [32] and Mojina’s first stopping rule [33].

The second stage involved formation of a (B∙K) x (B∙K) similarity matrix 
reflecting the consequence of merging any two clusters. Each resulting cluster was 
considered as input to the cluster analysis procedure, resulting in the final number of 
clusters indicated for the complete data set. The resulting homogeneity coefficients 
indicate, in this case, the consistency from year to year for each cohort group.

Finally, the third stage applied k-means iterative (nonhierarchical) partitioning to 
relocate potentially misassigned individual cases to improve homogeneity coefficients. 
The profile of each individual is examined to ensure membership in the ideal cluster: 
misassigned profiles are reassigned to a profile more closely matching the individual. All 
analysis was done in SAS with modifications to code developed by Paul McDermott [30].

Final clusters were expected to satisfy an average within-cluster homogeneity 
coefficient H  > 0.6 [34]. Cattell’s Cluster Similarity Coefficient, rp, [35] was calcu-
lated to demonstrate cluster similarity between clusters within and between cohort 
groups. Higher coefficient values demonstrate better congruence: excellent similarity 
is shown with values greater than 0.95 while values between −0.7 and +0.7 show poor 
factor similarity [36].

4.4 Effect size: Cohen’s d

Statistical significance of differences is influenced by large sample sizes, and 
a statistically significant difference does not necessarily imply a meaningful or 
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important difference – only that a true difference of means most likely exists. Very 
small differences tend to become significant as the size of the population under study 
increases. The effect size, or Cohen’s d, is a measure of the effect or the importance of 
the difference [36–38]. Cohen’s d is found:

 σ
−

= 1 2

pooled

M Md  (1)

where M1 and M2 are the means of the male and female population. The pooled 
standard deviation, σpooled, is the root-mean-square of the standard deviations of the 
two populations [36]. That is:

 
σ σ

σ
+

=
2 2
1 2

2pooled  (2)

Hyde [39, 40] defined and named ranges for effect sizes as part of the Gender 
Similarity Hypothesis as:

• near-zero, d ≤ 0.10

• small, 0.11 < d ≤ 0.35

• moderate, 0.36 < d ≤ 0.65

• large, 0.66 < d ≤ 1.0, and

• very large, d > 1.0.

5.  Results

5.1 Structure of the overall instrument

Exploratory Factor Analysis (EFA) was used to verify the predefined structure 
from the literature for Motivation, Metacognition, and Deep Learning. EFA results 
did not agree with the existing structure for Surface Learning, leading to a reex-
amination of the factors. Academic Self-efficacy, Leadership, Team vs. Individual 
Orientation, Expectancy-Value and Major Decision did not have a defined structure, 
so EFA was used to define the subfactors. Fit indices including chi-square, GFI, 
RMSEA and CFI for each construct are shown in Table 3.

Motivation, Metacognition and Deep Learning constructs: Subscales for motivation, 
metacognition and deep learning were unchanged from those originally presented in 
their literature. Factor analysis supported the subscales as originally specified. CFA 
results show an acceptable fit for each of these constructs with values for GFI > 0.9, 
CFI > 0.9 and RMSEA <0.08.

Surface Learning: The subscales of surface learning were originally defined as 
Motive and Strategy, the same as those of deep learning. EFA indicated that the 
subscale Strategy itself loaded into two separate factors which is not indicative of a 
homogeneous construct. EFA results on the entire Surface Learning construct showed 
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items clearly loading into two factors, which were named Memorization and Studying 
based on context of the questions. CFA results indicated a significant improvement in 
fit. The redefined structure with modified subscales resulted in a value of chi-square 
that was not significant, meaning that the data did indeed fit the theoretical struc-
ture, even given the very large sample size.

Leadership, Team vs. Individual Orientation, and Expectancy-Value: Subscales for each of 
these constructs were defined based on exploratory factor analysis on a subset of the data: 
results were validated using CFA on a mutually exclusive subset of the data. Table 3 shows 
the results of the CFA for each construct, with values for GFI > 0.9, CFI > 0.9 and RMSEA 
< 0.05, verifying the validity of the structure for each construct.

Major Decision: Results of the EFA showed the items in the Major Decision 
construct loaded to five subscales and CFA results showed an acceptable fit for this 
structure (GFI = 0.99, CFI > 0.99 and RMSEA = 0.065). The Major Decision scale 
contained one question which was shown not to load on any particular subscale and is 
presented independent of the subscales (ironically, named Independence). Three items 
were shown to negatively correlate to the remainder of the scale, and were reverse 
scored during the analysis.

Academic Self-Efficacy: EFA performed on the academic self-efficacy construct 
indicated no subscales.

5.2 Internal consistency of scales and subscales

Reliability of the instrument is demonstrated with acceptable values of Cronbach’s 
alpha for each construct and subscale for each cohort [24, 25, 41]. Complete results 
are shown in Table 4. Values of Cronbach’s alpha are shown after reverse-scoring two 
of the items in the Major Decision scale.

Cronbach’s coefficient alpha values for all scales exceed 0.8 with two exceptions: 
Surface learning (α = 0.79) and Team vs. Individual Orientation (α ≥ 0.75), demonstrat-
ing the homogeneous nature of each construct [25, 42]. The lack of variation in values of 
Cronbach’s coefficient alpha for different populations, in this case different student cohort 
groups, is one indication of stability and repeatability of the scales over time.

χ2 χ2 df pr > χ2 GFI RMSEA CFI

Motivation 902.6 240 <.0001 0.99 0.053 1.00

Metacognition 767.53 141 <.0001 0.99 0.067 1.00

Leadership 522.16 197 <.0001 0.99 0.041 1.00

Team vs. Individual Orientation 63.45 22 <.0001 1.00 0.012 1.00

Expectancy Value 1410.1 417 <.0001 0.98 0.049 1.00

Major Decision 805.16 153 <.0001 0.99 0.065 1.00

Deep Learning 49.73 22 .00064 1.00 0.036 1.00

Surface Learning (original subscales) 152.5 25 <.0001 0.97 0.072 0.942

Surface Learning (revised) 31.34 24 0.14 0.99 0.013 1.00

Academic Self-Efficacy n/a
Surface Learning original and revised are listed to show improvement with revision of subscale structure; χ2 = Chi-
squared; χ2 df = Chi-square degrees of freedom; GFI = Goodness of Fit Index; RMSEA = Root Mean Square Error of 
Approximation estimate; CFI = Bentley’s Comparative Fit Index.

Table 3. 
Confirmatory factor analysis results for each construct.
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Number of items Cohort 1 Cohort 2 Cohort 3

Motivation 25 0.93 0.93 0.93

Career 5 0.82 0.81 0.83

Challenge 6 0.80 0.79 0.80

Control 7 0.79 0.80 0.79

Curiosity 7 0.81 0.81 0.82

Metacognition 20 0.92 0.92 0.93

Awareness 5 0.77 0.79 0.79

Cognitive Strategy 5 0.78 0.79 0.79

Planning 5 0.76 0.78 0.79

Self-Checking 5 0.72 0.74 0.76

Deep Learning 10 0.81 0.83 0.82

Motive 5 0.69 0.70 0.69

Strategy 5 0.67 0.71 0.71

Surface Learning 10 0.79 0.79 0.79

Memorization 3 0.60 0.59* 0.62

Studying 7 0.80 0.79 0.80

Leadership 23 0.89 0.89 0.89

Motivation 5 0.69 0.69 0.69

Planning 4 0.70 0.70 0.67

Self-assessment 7 0.78 0.77 0.77

Teammates 7 0.68 0.70 0.68

Team vs. Individual Orientation 10 0.75 0.79 0.76

individual 5 0.61 0.63 0.59*

team dynamic 5 0.69 0.74 0.73

Expectancy Value 32 0.90 0.91 0.91

Academic Resources 5 0.75 0.76 0.76

Community Involvement 4 0.71 0.72 0.72

Employment opportunities 8 0.81 0.82 0.82

Persistence 7 0.80 0.81 0.81

Social Engagement 8 0.81 0.80 0.80

Major Decision 21 0.85 0.85 0.85

Certainty of decision 3 0.49* 0.49* 0.53*

Difficulty in decision 10 0.92 0.92 0.92

Personal issues 4 0.60 0.61 0.56*

Urgency 3 0.57* 0.58* 0.59*

Independence 1 — — —

Academic Self-Efficacy 10 0.90 0.90 0.90
*Alpha values less than 0.6.

Table 4. 
Values of Cronbach’s coefficient alpha for each construct and subscale.
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In cases where there were fewer than 10 items in a subscale, the Spearman-Brown 
formula was used to assess values of Cronbach’s coefficient alpha for a consistent 
number of items. Using the Spearman-Brown formula [26, 27, 43] results in an 
estimate for Cronbach’s coefficient alpha for a construct when interpolated to a speci-
fied number of items. Some subscales with very few items were outside of this range; 
the small number of items within each subscale certainly contribute to low values of 
alpha. In each case, values of alpha were consistent from cohort to cohort, further 
demonstrating the internal consistency of the constructs and subscales.

5.3 Cluster analysis: Pre-year survey

McDermott’s three stage cluster analysis was used to derive the core profiles for 
each of the 3 years of cohort data from cohort 1 to cohort 3. The primary goal of this 
analysis was to identify normative taxonomies of individuals who exhibit similar pro-
files within a given cluster, yet dissimilar profiles across clusters. Similar taxonomies 
are indicated by a consistent number of core profiles, and profiles of similar magni-
tude and shape as determined by the cluster homogeneity coefficient H  > 0.6 [34] 
and Cattell’s similarity coefficient [35] (similar: rp > 0.95, dissimilar: |rp| < 0.7) [44].

Cluster analysis resulted in three core profiles for each cohort. The shape and 
pattern of each profile was consistent from cohort to cohort, showing strong repeat-
ability and stability.

Figure 1 shows an overlay of plots of the means of each construct for each cluster 
of students. Specific constructs are shown on the x-axis, with center values (normal-
ized z-scores) for each construct for each cluster on the y-axis. There is no signifi-
cance to the order of the constructs on the x-axis. Center means for each core cluster 
within each cohort are shown in Table 5. Three distinct clusters, and the shape of 

Figure 1. 
Overlay of plots of normalized center means for each construct, shown for each cohort of students. Data points are 
shown as connected to illustrate similarly/dissimilarity of each cluster, and are not meant to imply a relationship 
between constructs.
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each cluster of students, are both significant. Students who tended to rate themselves 
at least one standard deviation stronger than other students tended to do so across the 
board for all constructs with the exception of surface learning: the sharp spike seen 
in the plots indicates these students view their learning style as deep (developing an 
understanding and appreciation of material) as opposed to surface (memorization). 
As might be expected, those students rating themselves below the affective/attitu-
dinal norms indicated a propensity toward surface learning. Students in cluster 1 
responded approximately one standard deviation below the norm (with the exception 
of Surface Learning) while students in cluster 3 responded one standard deviation 
above the average (again, with the exception of Surface Learning). Students in cluster 
2 clustered about the norms for each construct. There is no significance to the cluster 
numbers; they are used only to distinguish between groups.

Table 6 shows the number of students within each profile. Final clusters satisfied 
an average within cluster homogeneity coefficient H  > 0.99 (Table 6), demonstrat-
ing that the clusters were indeed homogeneous. The plots in Figure 2 show year 
to year consistency in shape with minimal variation in values for each construct. 
Stability is demonstrated with minimal variability in the center values for each cohort 
over multiple years.

Cattell’s Cluster Similarity Coefficients were calculated to objectively determine 
the similarity between each cluster for each year. Excellent cluster similarity is dem-
onstrated with values of Cattell’s coefficient rp > 0.95; values of Cattell’s coefficient 
comparing clusters expected to be highly similar are consistently 0.94 < rp < 1.00 (see 
Table 7), demonstrating these clusters to be similar and stable over this time period. 
Clusters expected to be dissimilar show comparison values well below values indicat-
ing similarity, demonstrating these clusters to be dissimilar to each other. Strong 
coefficients of similarity and similar percentages of students within each cluster show 
that student responses tend to remain stable from year to year.

Interestingly, the smallest spread among cohorts was found in Major Decision, 
indicating that students in each profile appear to differ least in their initial intent to 
pursue an engineering degree. The widest disparities between clusters appear to be 
among motivation and metacognition; this may be expected given the strong aca-
demic backgrounds of incoming engineering students.

6.  Differences by gender

Engineering programs in the United States continue to see exceptionally low 
female enrollment. While other majors with historically predominant male enroll-
ment have seen an increase in the percentage of female students, the percentage 
within engineering has remained low, with females accounting for about 20% of 
engineering graduates compared to about 50% of graduates in medicine and law [45]. 
Retention rates for male and female students are comparable: in its report “Educating 
the Engineer of 2020”, the National Academies states, “Only 40 to 60 percent of 
entering engineering students persist to an engineering degree, and women and 
minorities are at the low end of that range” [46]. Are there differences in high school 
that can account for the discrepancy? Examination of the difference in mathemati-
cal achievement from 1974 to 1990, as more girls began taking advanced math and 
science courses, showed a small difference (d = 0.14) in performance [47]. Measuring 
this gap in 2008 showed no difference (d = 0.0065) between males and females using 
data from the National Assessment of Educational Progress (NAEP). Examination of 
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Figure 2. 
Magnitude of effect sizes of male/female differences in means (Cohen’s d) for each construct for each cohort.

questions requiring higher reasoning showed no difference between male and female 
students when analyzed [48].

Numerous studies report data showing that differences in cognitive abilities 
between female and male students as measured by standardized test scores, grade 
point averages or number of semesters of courses in major subjects are small to non-
existent. Female and male students entering engineering are generally academically 
strong students. Following is an examination of differences between male and female 
students admitted to, and before entering, engineering.

6.1 Gender similarity hypothesis: The importance of effect size

Hyde [40] developed the Gender Similarities Hypothesis which theorizes that 
most psychological differences between male and female students are small to close 
to zero, and where statistically significant differences are reported, they are generally 
due to very large sample sizes. Specifically, as measured in terms of effect sizes, most 
differences are near-zero (d ≤ 0.10) or small (0.11 < d ≤ 0.35) as opposed to moderate 
(0.36 < d ≤ 0.65) to large or very large (d > 0.66). Hyde’s meta-analyses of literature 
reporting differences (or lack of differences) between sexes categorized differences 
between the sexes into six general areas: cognitive variables, verbal and nonverbal 
communication, social or personality variables, measures of psychological well-being, 
motor behaviors and miscellaneous. Hyde found 124 usable effect sizes between males 
and females and found that 78% of these are small (59) or close to zero (37). These 
measures vary widely and include those that are theorized to possibly be predictive 
of academic success (for example, self-efficacy) as well as many variables that are not 
theorized to be applicable to student success (for example, physical characteristics 
such as throwing ability).
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Among characteristics important to success in engineering are measures of 
mathematical ability [46]. Hyde investigated mathematical ability in grades K-12 and 
found no difference in mathematical computation ability between male and female 
students in high school, but a small (d = 0.29) difference in complex problem solving 
favoring male students in the 2005 study based on data from the 1990s. In a 2008 
study, Hyde showed that the effect size of the difference decreased as the number 
of female students taking advanced mathematics in high school grew through the 
1990s and 2000s. A study of state mathematics assessments in 10 states (N > 7 million 
students) showed no difference between male and female students. Effect sizes for 
students in 10th (N > 600,000) and 11th (N > 400,000) grades were d = 0.04 and 
d = 0.06 respectively, both near-zero. Further analysis of the data showed a effect size 
of d = 0.07 for the most complex problems on the included state assessments, repre-
senting items coded as requiring greatest depth of knowledge.

In a study of differences in science performance, Hyde [39] discusses results pub-
lished by the National Assessment of Educational Progress (NAEP) report [49], which 
show a statistically significant difference in science performance. However, because 
smaller differences tend to become significant as the sample size increases, this sta-
tistical significance can be attributed to the large sample size (N ≈ 100,000 per grade 
level). The difference in scores for 12th graders was found to be significant between 
male students (average science score = 149.01) and female students (average science 
score = 145.15). However, the effect size, d = 0.11, shows that, although the difference 
is significant, the magnitude of its importance is small, thus the study shows only a 
small difference in performance between male and female students.

6.2 Cohort group normative taxonomy

Cluster analysis was used to establish the normative taxonomy of both male and 
female students taken in aggregate for each cohort. Male and female taxonomies were 
compared to each other based on number of clusters, shape and using Cattell’s simi-
larity coefficient [35], a measure of cluster similarity. Clusters are defined by convert-
ing raw scores for each of the nine noncognitive constructs to normalized z scores; 
this gives equal weight to each of the nine noncognitive constructs with respect to 
each other. McDermott’s three stage cluster analysis [30] was used separately on each 
cohort to determine normative taxonomies of students, clustering students with 
similar response patterns.

The first stage involves cluster analysis on separate mutually exclusive partitions of 
equal size (B = number of blocks) of the data using Ward’s minimum variance method. 
Ideal block sizes range from 150 to 200 students. In this case, the population of male 
students (N = 5644) was sorted by a random number then divided into four mutually 
exclusive partitions. The resulting four blocks of male students and a block of female stu-
dents (N = 1228) were divided into 8 or 9 blocks of 153 to 199 students each. McDermott’s 
method proceeds by determining an optimal number of clusters (K) for each data set: 
criteria used to determine the number of clusters included the R2 statistic (indicating the 
proportion of the variance accounted for by the clusters), the pseudo-F statistic over the 
pseudo-t2 statistic [32] and Mojina’s first stopping rule [33]. In this case, each separate 
block for male and female students resulted in three clusters.

The second stage involves formation of a (B∙K) x (B∙K) similarity matrix reflect-
ing the consequence of merging any two individual clusters. Each resulting cluster is 
considered as input to the cluster analysis procedure, resulting in the final number of 
clusters indicated for the complete data set.
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Finally, the third stage applies k-means iterative (nonhierarchical) partitioning 
to improve homogeneity coefficients by realigning individual cases. The profile 
membership of each individual is examined to ensure membership in the ideal cluster: 
misassigned individuals are reassigned to a profile more closely matching, thus 
improving homogeneity coefficients.

Ideally, final clusters should satisfy an average within-cluster homogeneity 
coefficient H  > 0.6 [34]. Cattell’s Cluster Similarity Coefficient, rp, demonstrates 
cluster similarity between clusters within and between cohort groups. Higher 
coefficient values demonstrate better congruence: excellent similarity is shown 
with values greater than 0.95 while values between −0.7 and +0.7 show poorer 
factor similarity [44].

6.3 Participants

Student demographic data for each cohort are shown in Table 8. Students who did 
not complete all sections of the online instrument were not considered in the analysis 
and are not included in the demographics presented in Table 8 (1 student in 2004, 
7 in 2005, 60 in 2006 and 16 in 2007). Percentages based on sex and ethnicity were 
consistent within each cohort; the disproportionate number of males in the sample 
is typical of students entering engineering in this and similar institutions within the 
United States.

6.4 Statistical significance: Nonparametric estimates of p

Specifying the Monte Carlo approximation when calculating p values results in (a) 
an estimate for the exact p value and (b) upper and lower bounds on the confidence 
interval for p. Initial examination of the data showed that it did not meet an assump-
tion of normality [50], therefore, the use of nonparametric tests as opposed to more 
straightforward two-tailed t-tests were appropriate for use in the analysis. Standard 
two-tailed t tests were also run to investigate the effect of incorrectly assuming a 
normal distribution; therefore, two values of p were obtained for comparison: were 
the nonparametric tests necessary given our population?

Number of 
students

Gender Race

Male Female NA CA AA AP HS E DNR

2004 1605 1297 
(80.8%)

308 (19.2%) 0.6% 82.2% 2.6% 9.1% 2.8% 6.7%

2005 1777 1502 
(84.5%)

275 (15.5%) 0.4% 74.5% 2.1% 9.3% 2.4% 3.4% 7.7%

2006 1779 1482 
(83.3%)

297 (16.7%) 0.5% 76.2% 2.4% 9.2% 2.9% 2.6% 6.0%

2007 1711 1363 
(79.7%)

348 (20.3%) 0.5% 71.9% 2.0% 9.5% 3.6% 4.0% 8.5%

Key (Race): NA = Native American; CA = Caucasian; AA = African American; AP = Asian Pacific Islander; 
HS = Hispanic; E = Other; DNR = Did not report.

Table 8. 
Description of student cohort groups.
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Construct Mean, M 
(N = 5644)

σ, M Mean, 
F (N = 1228)

σ, F M - F p (MC)

Expectancy-Value* 3.943 0.360 3.848 0.381 −0.094 −0.254 <0.0001

Motivation* 4.186 0.391 4.087 0.420 −0.098 −0.243 <0.0001

Surface Learning* 2.393 0.476 2.486 0.523 0.092 0.185 <0.0001

Deep Learning* 3.735 0.460 3.652 0.501 −0.082 −0.171 <0.0001

Leadership* 3.959 0.368 3.910 0.377 −0.048 −0.129 0.000

Self-efficacy 4.242 0.459 4.214 0.475 −0.029 −0.061 0.142

Team vs. 
Individual

3.931 0.381 3.947 0.399 0.016 0.041 0.092

Major Decision 3.581 0.483 3.580 0.479 −0.001 −0.003 0.784

Metacognition 3.931 0.406 3.932 0.421 0.001 0.001 0.467
*Statistically Significant Difference, small to near-zero effect size.

Table 9. 
Mean and standard deviation, male and female students: significance and effect size.

Values of p using nonparametric tests were compared to two tailed t-tests for each 
construct, subfactor and individual item on the data in aggregate (N = 6872); in each 
case, the value of p from the t-test fell within the 90% confidence interval from the 
nonparametric tests. Also, there were no cases where the two values of p (parametric 
and nonparametric) disagreed as to whether a difference was statistically significant. 
Therefore, although nonparametric approximations of exact p values are calculated 
and are presented, more complicated nonparametric tests were probably not neces-
sary. Upon examination, our data primarily appears as a negatively skewed Gaussian 
distribution; this could explain the similarity between results of the two-tailed t-test 
and the nonparametric tests.

6.5 Differences in superordinate constructs

Table 9 shows each construct: constructs which show statistically significant 
differences between male and female students are indicated. Five of the nine 
constructs were found to have a significant difference when examining the 
aggregate population (2004–2007, N = 6872): these include (1) Expectancy-Value, 
(2) Motivation, (3) Surface Learning, (4) Deep Learning and (5) Leadership. 
However, the effect sizes were all small (d < 0.35) to near-zero (d < 0.11). 
Therefore, while there was a difference found in the responses between males and 
females, the effect of this difference – or the importance – was found to be mini-
mal. These results support the Gender Similarity Hypothesis since most (or in this 
case, all) of the effect sizes are small.

Figure 2 shows a plot of effect size for each construct for each year, 2004–2007. 
Each construct showed a low to near-zero effect size when the data is taken in aggre-
gate as well as a low to near-zero effect size for each construct in each year. Figure 2 
shows the magnitude (absolute value) of the effect sizes, indicating the difference but 
not the direction (not illustrating whether male or female students had a higher mean 
value).
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6.6 Differences in subfactors and individual items

Examining the differences at the subfactor level shows that, while 16 of 28 subfac-
tors had a statistically significant difference, only one of the 28 subfactors had an 
effect size above ‘small’. The single subfactor with a moderate effect size was within 
the Expectancy-Value construct: the Community Involvement subfactor had an effect 
size of −0.36. The magnitude of this effect size, barely inside of the moderate range 
(0.35 < d ≤ 0.65), indicates that female students tended to rate their expectations of 
becoming involved with their campus and outside communities higher than male 
students. Fifteen of the 28 showed a small effect size (0.11 < d ≤ 0.35), while the 
remaining 12 subfactors had near-zero effect sizes. When individual Self-Efficacy 
items are considered at the subfactor level (shown in Table 3.3), one of 38 subfac-
tors had a difference with a moderate effect size (3%), 21 of 38 had small effect sizes 
(55%), and the remaining 16 have near-zero effect sizes (42%). Overall, 97% of the 
subfactors had  small to near-zero effect sizes (Table 10).

Exploratory Factor Analysis (EFA) was performed on the entire set of subfactors 
to determine if any subfactors formed natural groups which may indicate a pattern 
of consistently higher or lower effect sizes. Results of the EFA resulted in six natural 
groups; however, none of the indicated groups of subfactors showed a consistent 
propensity toward higher or lower effect sizes. Therefore, discussion of differences at 
the subfactor level will be based on individual subfactors rather than possible group-
ings of subfactors indicated through EFA.

Of the individual items in the assessment, two (1%) had effect sizes in the moder-
ate range. Both items were within the Expectancy-Value construct. These questions 
were:

• As a freshman in college, I expect to pursue some sort of community service 
work outside of my regular course work, and

• I expect to make friends with students from my major and form a study group in 
order to improve my college learning experiences.

Of the remaining items, 76 (48%) had small effect sizes and 80 (51%) had near-
zero effect sizes.

Small to near-zero effect sizes were found from 97% of the subfactors and 99% of 
the individual items when the data was taken in aggregate. Looking at the data from 
individual years (2004–2007) showed small to near-zero effect sizes from 92.1% - 
100% of the subfactors and 94.3%– 99.4% of the individual items.

6.7 Cluster analysis

McDermott’s three-stage cluster analysis was performed on the aggregate student 
population (2004–2007). The male population (n = 5644) was randomly sorted and 
divided into four groups; these four groups of male students and one group consisting 
of all female students (n = 1228) were analyzed and compared to determine similarity. 
Three clusters were indicated in each subset of students through the process, resulting 
in final solutions of three clusters for each group of male students and three clusters 
for female students.
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Subfactor p (MC) d

Exp-Value: Community Involvement <.0001 −0.359 Moderate

Surface: Studying* <.0001 0.283

Motivation: Control* <.0001 −0.277

Major Decision: Urgency* <.0001 −0.261

Deep: Motive* <.0001 −0.260

Exp-Value: Social Engagement* <.0001 −0.241

Exp-Value: Academic Resources* <.0001 −0.238

Motivation: Curiosity* <.0001 −0.233

Self-efficacy: Study Skills* <.0001 −0.206

Leadership: Motivation* <.0001 −0.200

Self-efficacy: Writing Skills* <.0001 −0.193 Small

Self-efficacy: Physics* <.0001 0.177

Motivation: Challenge* <.0001 −0.165

Major Decision: Independence* <.0001 0.159

Self-efficacy: Programming* <.0001 0.158

Leadership: Self-Assessment* 0.0002 −0.149

Major Decision: Certainty of Decision* <.0001 0.148

Motivation: Career* <.0001 −0.146

Self-efficacy: Teaming Skills* 0.0001 −0.128

Team vs. Individual: Individual* <.0001 0.124

Self-efficacy: Communication* <.0001 −0.121

Exp-Value: Persistence* <.0001 −0.119

Self-efficacy: Chemistry 0.0345 −0.078

Self-efficacy: Problem Solving 0.0248 −0.075

Metanalysis: Planning* 0.0089 0.065

Team vs. Individual: Team dynamic 0.1237 −0.063

Metanalysis: Cognition 0.0346 −0.062

Self-efficacy: Creative Thinking 0.0587 −0.062

Metanalysis: Awareness 0.0100 0.060

Surface: Memorization 0.0475 −0.060 Near-zero

Self-efficacy: Math 0.0474 0.053

Metanalysis: Self-Checking 0.1725 −0.052

Leadership: Planning 0.2221 −0.052

Deep: Strategy 0.0794 −0.046

Leadership: Teammates 0.6053 0.035

Major Decision: Difficulty in Decisions 0.4074 −0.013

Major Decision: Personal Issues 0.6431 0.012

Exp-Value: Employment Opportunities 0.8631 0.008
*Statistically significant difference, small to near-zero effect size.

Table 10. 
Effect sizes at the subfactor level (including self-efficacy items).
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Figure 3 shows an overlay of plots of the means of each construct for each cluster of 
male and female students. Constructs are on the x-axis, with center values (normalized 
z-scores) for each construct on the y-axis. Students in cluster 1 (“lower”) responded 
approximately one standard deviation below the norm (with the exception of Surface 
Learning) while students in cluster 3 (“upper”) responded one standard deviation above 
the average (with the exception of Surface Learning). Students in cluster 2 (“middle”) 
clustered about the norms for each construct. Cluster numbers are used only to distin-
guish between groups - there is no significance to the cluster numbers.

Figure 3 shows that male profiles and female profiles have a consistent shape 
with minimal variation between sexes. Cattell’s Cluster Similarity Coefficients were 
calculated to objectively determine the similarity between each cluster within and 
between sexes; values are shown in Table 11. Recall that excellent cluster similarity is 
demonstrated with values of Cattell’s coefficient rp > 0.95; values of Cattell’s coef-
ficient comparing each cluster with the corresponding cluster of the two sexes exceed 
0.90, indicating good to excellent similarity. Absolute values of Cattell’s coefficient 
comparing clusters between female students and any group of male students expected 
to be dissimilar were less than 0.7, indicating they were indeed dissimilar.

Coefficients of similarity, similar profiles in shape and pattern and similar 
percentages of students within each cluster demonstrate male and female student 
responses are indeed similar.

7.  Discussion

The Student Attitudinal Success Instrument I, an instrument to assess nine affec-
tive/attitudinal characteristics (and their associated subscales) of incoming students 

Figure 3. 
Overlay plot showing three-cluster solutions for normative taxonomy: female students and two (of four) 
representative male student clusters.
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prior to the beginning of their program of study, was evaluated using data collected 
from large cohorts of incoming engineering students.

The SASI-I is shown to be a psychometrically sound instrument for the population 
of first-year engineering students at a large institution in the Midwest (United States). 
Internal consistency of scale scores was investigated. Factor analysis was used to 
establish and verify the structure of the factors and subfactors. Cronbach’s coefficient 
alpha values for all scales exceed 0.8 (with two exceptions, 0.75 and 0.79); confirma-
tory factor analysis results verify the theoretical factor structure of each. McDermott’s 
three-stage cluster analysis was used to define the normative taxonomies of 3 years 
of student data. Cluster analysis results in a stable, repeatable 3-cluster solution over 
multiple years: clusters expected to be highly similar were shown to have values of 
Cattell’s coefficient > 0.94, providing evidence of stability.

This instrument is a tool to collect data prior to beginning classes in the first year 
of engineering, thus, it can provide valuable input to any model predicting reten-
tion past the first year (when most attrition in engineering occurs). In addition, this 
tool provides information on characteristics for which intervention methods may be 
developed, thus increasing likelihood of student success. Unlike other assessment 
instruments which rely on data collected during or after the first year or data for 
which a school may not have an influence, this tool provides necessary input for the 
creation and adoption of first-year programs at the earliest possible time.

Inputs to model(s) to be developed include these affective/attitudinal constructs in 
addition to cognitive data; such models will allow for guidance for individual students 
or small groups who may particularly benefit from specific intervention programs 
[51–54]. Cluster membership offers a potential model input that has previously not 
been presented in the literature within engineering. Additionally, students who may 
not experience a benefit from these interventions may be able to opt out of some 
first-year programs, thus increasing the value of the course/program content they will 
experience during their first year.

Finally, while this instrument is effective, additional affective/attitudinal char-
acteristics which could prove to be predictive of retention have been incorporated 
into the SASI-2 [55]. Ideally, the size of the existing instrument could be reduced to 
allow for inclusion of additional constructs without increasing the number of items. 
Additional affective/attitudinal constructs to be investigated and eventually proposed 
for inclusion should include only those constructs for which first-year intervention 
programs can have an effect.

7.1 Support for the gender similarity hypothesis

The Gender Similarity Hypothesis theorizes that most psychological differences 
between male and female students are small (0.11 < d ≤ 0.35) to near-zero (d ≤ 0.10). 
Analysis of our noncognitive data certainly supports this hypothesis; although five of 
the nine superordinate constructs were found to have a statistically significant differ-
ence, the significance was due to the large sample size. Each construct was found to 
have an effect size that was small or near-zero. Furthermore, examination of the data 
from 2004 to 2007 showed each effect size for each construct was consistently low to 
near-zero.

Analysis of the data at the subfactor and individual item level also supports the 
hypothesis. At the subfactor level with data taken in aggregate, 97% of the subfac-
tors and 99% of the individual items had small to near-zero effect sizes. Data from 
each year from 2004 to 2007 showed the lowest percentage of subfactors with small 
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to near-zero effect sizes was 97% and the lowest percentage of individual items was 
94%. This analysis certainly supports the Gender Similarity Hypothesis.

7.2 Normative taxonomies and the gender similarity hypothesis

A comparison between the sexes using cluster analysis certainly offers additional 
support for the Gender Similarity Hypothesis. Both male and female students tended 
to cluster into three very similar groups as evidenced visually (as seem in Figure 3) 
and as quantitatively measured by Cattell’s similarity coefficient. Results from the 
cluster analysis show that the female and male populations were extremely similar, 
with similarity coefficients exceeding 0.90 between the female group and any group 
of male students.

Male and female students were remarkably similar in self-reported, affective 
characteristics prior to beginning their first year of study in engineering. Of particu-
lar interest are some characteristics dealing with student self-efficacy in math and 
science. There was not a statistically significant difference in student self-efficacy 
toward math (p = 0.047, d = 0.053) even given a large sample size. Data over the four-
year period showed a small effect size in 2004 (d = 0.124) and near-zero in subse-
quent years (d = 0.008 in 2005, d = −0.003 in 2006 and d = 0.07 in 2007). While this 
is not sufficient evidence to prove any trend in a difference in self-efficacy in math, it 
is consistent with results as reported by Hyde.

Two areas in which effect sizes appear to be generally larger (although still small) 
are those dealing with community involvement (where females respond higher) and 
areas which deal with the control over the learning environment. Subscales within the 
Expectancy-Value construct including Community Involvement, Social Engagement 
and Academic Resources (dealing primarily with the expected use of group/commu-
nity resources) appear toward the top of the list. Items in these subfactors deal with 
an individual and their involvement in a community. Community involvement does 
not correspond to involvement in a working group or team; for example, (Team vs. 
Individual) Team Dynamic and (Leadership) Teammates have near-zero effect sizes. 
These results tend to indicate that particular attention to the learning environment 
within engineering, particularly emphasizing involvement of the academic commu-
nity is an important factor especially for female students.

Control over the individual learning environment subfactors include (Deep 
Learning) Motive, (Motivation) Control and (Major Decision) Urgency (to select 
a major). Items within these subfactors deal with the individual’s determination of 
their personal learning goals. These results seem to indicate that female students may 
have a more personal interest in entering engineering. These results lead to a question 
requiring further study: studies show that female students tend to attribute failure to 
themselves as opposed to male students, who attribute failure to their environment. 
If female students enter engineering with a more personal interest, do male students 
surpass them in these characteristics over the first year, and if so, why?

8.  Implications and further study

Results from this self-report instrument prior to the beginning of college indicate 
that there are few if any differences between female and male students in their self-
reported affective characteristics. Other studies have suggested that female students 
tend to have a lower self-efficacy during or after their first year; if this is the case, 
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there may be characteristics of the first year of engineering that have an effect on the 
confidence and self-efficacy of female students in particular.

Two theories that have been theorized as applicable to gender differences include 
the Expectancy Theory and the Cognitive Dissonance Theory.

The Expectancy Theory states that the motivation to succeed is the product of 
three factors: expectancy (the perceived effort/performance relationship), instru-
mentality (perceived performance/reward relationship) and valence (the value of 
the reward). It is possible that the emphasis on individual performance, the existence 
of perceived weed-out classes and lack of community common within many first-
year engineering experiences may influence the expectancy and instrumentality of 
female students. Differences in measures dealing with community may influence 
expectancy; if an individual can better succeed as part of a community and they feel 
they are able to act only as an individual, they may tend to feel their performance is 
inadequate (expectancy). In turn they may feel their ability to obtain their goal is 
inadequate (instrumentality). Further work is necessary to validate the application of 
this theory.

The Cognitive Dissonance Theory relates multiple cognitions or beliefs: when two 
beliefs conflict, individuals will attempt to modify one or both to bring them into 
agreement. If the environment in the first year of engineering is one that emphasizes 
individual performance, competition and a lack of community, and if these charac-
teristics are important to female students, they may gradually ‘learn’ that they should 
not be successful, which disagrees with their self-efficacy – their belief that they can 
be successful. Changing self-efficacy would reduce the conflict between these beliefs, 
which could lead to leaving engineering. As with the expectancy theory, studying the 
changes in self-report characteristics is needed to support this theory.

8.1 Limitations

While the data was from a series of large cohorts, all data was from a single 
institution in the Midwest region of the United States, so caution should be exercised 
if applying these results to other institutions or cohorts from different regions or 
countries. Further, this analysis applies to students who had applied and were admit-
ted to engineering, and engineering admissions criteria almost certainly had an effect 
on the population of students whose affective characteristics were analyzed.

9.  Conclusion

Student responses to an instrument to assess nine noncognitive characteristics 
(and their associated subfactors) prior to the beginning of their engineering program 
were used to study differences between male and female students. Overall, results 
strongly support the Gender Similarity Hypothesis, which theorizes that most differ-
ences between the sexes are small to near zero. Analysis of the data at the construct, 
subfactor and item level, as well as cluster analysis supported this hypothesis. In 
general, male and female students enter their first year of engineering with very 
similar affective characteristics.

There does seem to be evidence to support the idea that female students would be 
well served to emphasize activities associated with community, including both learn-
ing communities and community service. There also seems to be evidence to support 
investigating the environment of competition and individual achievement within first 
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year programs. Female students seem to enter engineering with (slightly) more focus 
on achieving their goals, but there is evidence that female students have lower self-
efficacy by the end of their first year. Identifying characteristics contributing to this 
change could lead to increased retention in engineering for students who enter college 
with a strong intent to succeed.

If female students and male students enter college with similar cognitive and non-
cognitive characteristics, further investigation is needed to determine what character-
istics of the first year of study lead to higher attrition among female students.

Majors with a history of predominantly male enrollment such as medicine and 
law have seen increasing numbers of female students in recent years. Despite efforts 
attempting to attract female students to engineering, the percentage of female stu-
dents has remained relatively steady for the past few decades. If engineering is indeed 
a creative, innovative profession that deals with and helps society, the first year of 
study should reflect this as much as possible.
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Chapter 7

Computerized Child Attention Test
Mirta Susana Ison

Abstract

The Child Attention Test 6.0 (TAI) was developed to assess attentional perfor-
mance and visuospatial working memory in children from 8 to 11 years old through 
visual search tasks that involve putting into practice the perception of differences, 
visual discrimination, visual integration, perceptual speed, and memory of visuo-
spatial information. It is an instrument that has validity and reliability indicators. It 
can be used in both clinical and educational settings. It has the advantage of having 
parallel forms to be applied in the case of studies with experimental research designs, 
such as before and after any intervention, or for monitoring of clinical or educational 
training programs.

Keywords: computerized attention test, evaluation, training, sustained attention, 
visual working memory

1.  Introduction

The Child Attention Test 6.0 (“TAI”) was carried out by Ison & Arroyo [1], based 
on previous versions of the test [2, 3]. It has been developed to assess attentional per-
formance and visuospatial working memory in children aged 8 to 11 years through 
visual search tasks involving putting into practice the perception of differences, 
visual discrimination, visual integration, perceptual speed, and memory of visuo-
spatial information. As we know, attention and working memory are basic cognitive 
processes developed gradually during childhood and fundamental for school learn-
ing [4–7].

Attention has been defined as a multidimensional construct responsible for 
regulating which stimuli perceptual resources are directed toward, filtering irrelevant 
information in order to promote the retention of information for a period before 
acting on it [8–10]. Attention is a good indicator for predicting the degree of perfor-
mance in tasks involving executive control. Studies carried out in both children and 
adults have highlighted that this is important for greater attentional capacity and 
better performance in cognitive tasks [11–13].

In its part, working memory (WM) is defined as a store of limited capacity storing 
information for a short period of time. In other words, it maintains and manipulates 
this information temporarily but also processes and uses this information in an active 
way depending on the objectives and tasks that the subject must solve [9, 14, 15]. 
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Further, it involves keeping the information in mind and manipulating it in some 
way to understand and acquire more complex knowledge, using and integrating 
that information into a coherent whole [16]. Thus, a close link has been recognized 
between attention, perception, and the basic components of executive functioning: 
inhibitory control, working memory, and cognitive flexibility [13, 17–19].

Various studies have shown the bidirectionality between the development of 
attention systems and working memory performance in early childhood [8–10, 20, 
21]. These bidirectional effects are common and noted across development, and, 
therefore, the potential influence of working memory on the later development of 
attention systems in infancy and early childhood is equally interesting.

The assessment of attention in children has mainly been concentrated on the 
paradigm of visuospatial search, which requires the capacity for visual discrimina-
tion, precision, and perceptual speed, maintaining the focus of attention to ignore 
distracting stimuli or inhibit incompatible responses. However, as Lezak et al. [22] 
argue, it is difficult to find a test that measures only one cognitive construct, and this 
aspect is clearly reflected in attention tests. The tests used to evaluate attention could 
also take into account visual-motor coordination, perceptual inhibition, visual work-
ing memory, speed of processing, and mental flexibility. The usual tests to evaluate 
attention are the d2 Attention Test, WAIS-IV Cues and Symbol Search, Trail Making 
Test, Continuous Performance Task, and CARAS-R Difference Perception Test, 
among others.

The conceptual foundation of the TAI test considers attention as a multidimen-
sional construct interrelated with basic processes of inhibitory control, working 
memory, and cognitive flexibility. These are central components of executive func-
tioning [8, 9, 13].

The computerized evaluation of attention and working memory has been gain-
ing relevance both in research and in professional practice. Thus, it is of interest to 
achieve the greatest possible precision in the evaluation of these functions [23], as 
well as to promote their development through systematic practice with the implemen-
tation of programs for their stimulation and strengthening.

The Computerized Child Attention Test (TAI 6.0) brings together these two 
large modules in the same software: the evaluation module on the one hand and the 
training module through a routine to strengthen functions on the other hand. This 
instrument can be used in both clinical and educational settings, allowing the early 
detection of difficulties in the evaluated functions.

Firstly, in the evaluation module, all participants are assessed in the same way 
by means of a standard presentation of stimuli in terms of their organization and 
complexity. The aim is to assess attentional control through tasks that require locat-
ing key stimuli among a wider set of stimuli that act as distractors, deploying a series 
of perceptual-attentional and mnemonic skills. In the interpretation of the perfor-
mances obtained, both in attention and in visuospatial working memory, the time 
variable is incorporated.

Secondly, the training module presents various recreational activities, with increas-
ing levels of difficulty aimed at exercising focus, attentional maintenance, and 
visuospatial working memory, all through visual search tasks.

TAI in version 6.0 was developed using Unity 2018, which allows creating games 
and applications for various platforms, such as Windows, Linux, Mac, Android, and 
iOS, among others. This development engine was selected for its ease of use for 2D 
games, its compatibility with Android, and its ability to export data in other formats. 
This multipurpose video game development engine allows working in both 2D and 3D.  
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However, this version 6.0 only used 2D, the main tool with which both the evaluation 
and training modules were developed.

The software collects and stores the results obtained in a database, allowing an 
in-depth analysis of the performance obtained by the participants. The results can 
be exported in a format readable by Excel and then used by any data processing 
software, among which one of the most used is Statistical Package for Social Sciences 
(SPSS).

Since the first version made by Ison et al. [2] until the current one, a series of 
modifications and updates were made due to advances in the development of software 
and information registration systems. These computerized recording systems are 
especially relevant for the evaluation and interpretation of psychological functions.

In this new version, TAI 6.0, analysis and color adjustment of the different stimuli 
were carried out, both in the evaluation and training modules, to prevent children 
with some type of undetected color blindness from failing to correctly perform the 
various activities due to their condition.

2.  Brief description of the TAI 6.0 evaluation and training modules

All stimuli and scenarios used in both the evaluation and training modules were 
designed exclusively for the development of this software. The activities correspond-
ing to each of them are based on tasks that involve an effort in attentional control 
in which the child must locate the significant stimuli among a broader set of stimuli 
acting as distractors, deploying a series of perceptual-attentional and mnemonic 
skills. The visual search tasks used in TAI 6.0 consist of visual discrimination activi-
ties through the perception of differences and similarities, visuospatial integration, 
perceptual speed, visual-motor coordination, and visuospatial recognition memory.

2.1 Evaluation module

This is intended for the evaluation of focused, sustained attention and visual 
working memory. It is characterized by having a standard presentation of stimuli so 
that all participants can be evaluated in the same way in terms of the organization and 
complexity of the task. It presents two parallel forms to be used in the case of studies 
with experimental research designs and can be applied both before and after any type 
of intervention or applied to monitor clinical training programs [24].

To select whether it is used to evaluate attention or visual working memory, a con-
figuration panel opens, through which the function to be evaluated can be selected. 
The first two subtests evaluate focused and sustained attention, while the third test 
evaluates visual working memory. They are briefly described below:

2.1.1 Subtest “Looking for identical drawings”

The functions evaluated are focused attention and sustained visual attention. 
It has the advantage of measuring the reaction time for each stimulus. As seen in 
Figures 1 and 2, on the left side of the screen, the key model is presented, and, on 
the right side, stimuli that are the same, similar, or different to the model appear 
randomly.

Prior to the beginning of this evaluation subtest, this activity is practiced through 
a rehearsal session so that the child understands the meaning of the task that must be 
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performed. Subsequently, the subtest is administered to evaluate focused and sus-
tained visual attention. The subtest is carried out with one of the 2 preset key stimuli, 
and the presentation of stimuli that appear has a pre-assigned order. The key prefixed 
stimuli are the dog and the car.

The time used to perform this subtest is expressed in seconds. It consists of a 
total of 90 stimuli. The software records the number of correct answers, errors of 
commission, and errors of omission in two times: partial time, previously scheduled 
at 180 seconds; and total time, corresponding to the entire time in which the child 
finished the subtest.

Four measures of attentional performance are obtained. The first of them is the 
partial direct score (PDS), in which the net successes are recorded up to 180 seconds 
from the start of the activity; that is, the successes (S) are counted, from which the 
sum of errors of commission (Ec) and errors of omission (Eo) are subtracted [25]. 
The second measure is the direct score in total time (DST), for which the same for-
mula was applied, with only the number of total S, Ec, and Eo that the child executed 
at the end of the 90 stimuli counted. The third measure analyzes attentional effec-
tivenwess in total time (AET), evaluating the joint use of attentional selectivity and 
maintenance skills, providing a measure of the accuracy with which a child manages 
to discriminate the ‘key stimulus’ within a set of similar stimuli [26]. Finally, in the 

Figure 1. 
Examples of stimuli used in subtest 1 of TAI 6.0.

Figure 2. 
Examples of stimuli used in subtest 1 of TAI 6.0 — parallel form. Note: Since the test is administered in Spanish, terms 
in that language are included in Figures 1 and 2. If the stimulus that appears in the right window is the same as the 
model on the left, the child clicks on “Si” (Yes in English), and a sound is heard immediately, as long as the choice is 
correct, with the words “Muy bien” (Very good in English) appearing and said by the character of a bird, and a new 
figure emerges. If this new figure is different from the model, the child must click “No” (No in English), and a new 
figure appears. If, however, the child makes a mistake by choosing an incorrect figure, a different sound indicating the 
error is heard, and the bird character says “Presta atención” (pay attention in English).
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fourth measure, attentional efficiency is analyzed in total time (AFT), which provides 
a measure of the child’s ability to regulate, optimize, and maintain the attentional 
mechanism for a prolonged period. For this fourth measure, the time factor is incor-
porated in order to know the time interval that each child requires [24, 27].

2.1.2 Subtest “the farm”

The functions evaluated in this subtest are visual perceptual discrimination, sus-
tained visual attention, visuospatial skills, and perceptual speed. The exercise consists 
of the search for similarities, discriminating differences within a wide and varied 
stimulating field (Figure 3). It also has a parallel form (Figure 4). As in the previous 
subtest, it begins with a practice so that the child understands the task that must be 
performed. Then, the evaluation subtest is administered with one of the 2 preset key 
stimuli, which, in this subtest, are the hen and, for the parallel form, the chick. The 
presentation of the same, different, or similar stimuli to the key stimulus is all shown 
on the screen and has a pre-assigned order.

This subtest consists of the presentation of 40 stimuli distributed on the screen, 
of which 15 are the correct stimuli that the child must select to respond correctly to 

Figure 3. 
Examples of stimuli belonging to subtest 2 of TAI 6.0.

Figure 4. 
Examples of stimuli belonging to subtest 2 of TAI 6.0—parallel form. Note: Since the test is administered in 
Spanish, terms in that language are included in Figures 3 and 4. On the right side, the key model indicated 
with the sign “Buscado” (wanted in English) is presented, and, on the screen, a farm is presented with ‘chickens’ 
stimuli that are the same, similar, or different to the model. The task is to look for stimuli equal to the model. If the 
indicated option is correct, a green check mark appears, showing the phrase “Muy bien” (very good in English), 
said by the bird character along with a characteristic sound. On the contrary, if the indicated option is incorrect, a 
red cross and the phrase “Presta atención” (pay attention in English) appear, followed by a sound different from 
the previous one but characteristic of incorrect answers.
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the instruction. The maximum score, 15, is a constant for the participants since the 
subtest does not end without first having found all the same stimuli. Three measure-
ments are obtained. First is the direct score in total time (DST), obtained by recording 
the correct answers (S) and subtracting the errors (E) [25]. The second measure is 
attentional effectiveness in total time (AET) [27], and the third, attentional efficiency 
in total time (AFT) [27], both previously described.

2.1.3 Subtest “Looking for partners”

The function evaluated by this subtest is visual working memory. The proposed 
activities follow the logic of the memotest (Figure 5).

In the evaluation module, eight pairs of stimuli are displayed and distributed on 
the screen. Each pair is made up of the same stimuli, but the pairs of stimuli are not 
repeated, meaning that the 8 pairs of stimuli are different from each other. When 
the test starts, all the stimuli that make up the 8 pairs are shown. The screen dura-
tion of each stimulus is 2 seconds for each pair. Thus, the 8 pairs remain in the child’s 
view for 16 seconds (Figure 5A). After this time has elapsed, the stimuli are hidden 
behind blue bubbles, and the test begins counting the time (Figure 5B). Every time 
the child clicks on a bubble, it reveals its contents. When a second bubble is clicked, 
it also shows its contents, indicating whether they are the same or different. If they 
are the same, the pair is visible, with the words “Very good” appearing, as said by the 
bird character (Figure 5C). If they are different, another sound indicating an error 
is heard, the ‘bird character’ says “Pay attention,” and both stimuli are then hidden 
again (Figure 5D). The activity ends when all the pairs are found and the total time is 
recorded.

Figure 5. 
Examples of stimuli used in subtest 3 of TAI 6.0. Note: Since the test is administered in Spanish, terms in that 
language are included in Figure 5. For 16 seconds, a screen with animals in the sea is presented. The task is to 
remember the location of each one of them. The task is to find the same pairs. If the pair of stimuli is found, the 
bird character utters the words “Muy bien” (very good in English). Otherwise, it says “Presta atención” (pay 
attention in English).
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Taking into account that the evaluation does not have a time limit and that the 
activity ends when the child manages to find all the same pairs, the found pairs (FP) 
value is a constant that always gives a total of 8 points, which is the total number of 
pairs found. That is why the variability of performance among children is given by 
the number of pairs not found (PNF) or errors. Based on this, the direct score in total 
time (DST) is achieved by subtracting the not-found pairs from the found pairs.

In turn, based on previous work [26–28], a formula was implemented to obtain 
working memory effectiveness (WME), which is equal to the sum of the pairs found 
divided by the number of attempts. The number of attempts implies the total FP plus 
PNF. A final measure is working memory efficiency (WMF), developed based on the 
study by Monteoliva et al. [27], and, for this, the time factor used to complete the test 
is taken into account. Thus, efficiency in visual working memory is obtained by divid-
ing the pairs found by the total time spent performing this test [24]. Finally, regarding 
the results of this subtest, the software offers two options. On the one hand, a screen 
can be viewed detailing the performance of the evaluation. It shows the reaction times 
expressed in milliseconds that the child used in each of the answers, the number of 
successes and errors made, and, on the other hand, a graph that summarizes the gen-
eral performance through the cognitive performance formulas for each test activity.

2.2 Training module

This module is intended to exercise focusing, attentional maintenance, and 
visuospatial working memory through visual search tasks across different recre-
ational activities. In the training sessions, the expert explains the task that must be 
performed to the child and, at the same time, shows the child the characteristics of 
each exercise on the computer screen. Then, the child practices for a few minutes 
until it is confirmed that the task was perfectly understood. During the training, 
the expert could guide and help the child by explaining what is necessary in order to 
promote the implementation of metacognitive strategies in the student to carry out 
each recreational activity. Self-monitoring and self-regulation are thus encouraged in 
order to strengthen the cognitive functions to be trained.

In this module, there are 3 levels of complexity: easy, medium, and difficult. The 
complexity of the stimuli refers to how different the stimuli are that appear randomly 
with the key model. In turn, the expert is able to vary the level of complexity of the 
stimuli to exercise the different psychological functions, according to the characteris-
tics and possibilities of the child. If considered necessary, the expert can enter a time 
limit for carrying out the activities. After that time, the activity is automatically cut 
off. If, however, no time limit is set, the program counts the total time spent by the 
child to carry out the training activity.

The activities of the training module follow the logic of those proposed in the 
evaluation module, but different stimuli are used in order of increasing complexity.

Three types of training activities are proposed.

2.2.1 Activity

This is composed of a series of games aimed at strengthening focused and sus-
tained attention through the search for identical drawings. On the left side of the 
screen, the key model is presented, and, on the right side, stimuli, which are the 
same, similar, or different to the model, appear randomly. If the stimulus that appears 
in the right window is the same as the model, the child clicks “YES,” and a sound is 
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then heard immediately whenever the choice is correct, with the word “Very good” 
appearing from the character of a bird, and a new figure appears. If that new figure 
is different from the model, the child must click “NO,” and a new figure appears. 
If, however, the child makes a mistake by choosing an incorrect figure, a different 
error sound appears, and the “bird character” says, “Pay more attention.” The images 
shown in Figure 6 are presented for illustrative purposes.

2.2.2 Activity 2

The functions to strengthen are visual perceptual discrimination, sustained visual 
attention, visuospatial skills, and perceptual speed. The exercise consists of the search 
for similarities and the discrimination of differences within a wide and varied stimu-
lating field. In activity 2, two versions are presented for the training of attentional 
functions, the Farm (A) and the City (B), both variants with 8 different stimuli each 
and with different levels of complexity and quantity of stimuli (Figure 7).

It should be noted that the stimuli located in the middle zone are those pre-set 
and are the ones used for the evaluation module. Therefore, in the training module, 
both stimuli remain blocked. This happens for both activities: The Farm and the 
City. In Figure 7, they are marked with a yellow circle. In both the Farm and the 
City activities, on the right side, the key model indicated with the “Wanted” sign is 
presented, and the expert can select the number of stimuli that appear on the screen 
and the level of complexity of the activity. In both the Farm and the City activities, 
on the right side, the key model indicated with the “Wanted” sign is presented, and 
the expert can select the number of stimuli that appear on the screen, as well as the 
level of complexity of the activity. The task is to look for stimuli equal to the model. 
If the indicated option is correct, a green check mark appears, with the phrase “Very 
good” said by the bird character, along with a characteristic sound. On the contrary, 
if the indicated option is incorrect, a red cross and the phrase “Pay attention” appear, 
followed by a different sound characteristic of incorrect answers.

2.2.3 Activity 3

The functions to strengthen visuospatial work memory. The screen shows animals 
in the sea. This task uses memotest logic. The task is to remember the location of 
each of the sea animals in each drawing. The images are presented on the screen for 
30 seconds and then turned around. The task is to find the same pairs. If the pair of 

Figure 6. 
Example of Activity 1 to stimulate focused and sustained attention in the search for identical 
drawings. Note: Since the test is administered in Spanish, terms in that language are included in Figure 6. “Muy 
Bien” (very good in English) or “Presta atención” (pay attention in English) is said by the bird. “Abondono” 
(cancel in English), “si” (yes in English), and “no” (no in English) are also terms shown on the screen.
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stimuli is found, the bird character utters the word “Very good.” Otherwise, it says, 
“Pay attention” (Figure 8).

The training module also has a results panel in which the performance 
obtained by the children in each activity carried out is displayed. Two perfor-
mance measures are obtained. First is Attentional Effectiveness in order to analyze 
the accuracy in discriminating the “key stimulus” within a set of similar stimuli 
[26]. The second refers to Attentional Efficiency, which provides a measure of the 
child’s ability to regulate, optimize, and maintain the attentional mechanism for a 
prolonged period.

3.  Discussion

Attention and working memory are fundamental executive processes for learning 
and school performance, which both develop gradually during childhood.

Figure 7. 
Example of Activity 2-A and 2-B to stimulate visual perceptual discrimination, visual sustained attention, 
visuospatial skills, and perceptual speed. Note: Similar Spanish terms are used as in Figure 6, with the other 
terms in self-explanatory context.

Figure 8. 
Example of Activity 3 to stimulate visuospatial working memory. Note: “Abandono” means canceled in English.
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Attention plays a key role in children’s cognitive development, as it is responsible 
for regulating which stimuli perceptual resources will be directed to, filtering irrel-
evant information in order to promote the retention and recovery of information 
in working memory [8, 9, 12, 19]. It has a significant impact on school performance 
in a variety of tasks that take advantage of visuospatial working memory [7, 9] and 
interference control by avoiding internal or external distracting stimuli and shifting 
the attentional focus from one aspect of the stimulus to another when the situation 
requires it [6, 12].

Thus, the core of executive functioning is made up of highly interrelated and 
interdependent processes sharing a common denominator as an underlying factor of 
executive attention. Its adequate performance and strengthening are essential for the 
functioning of three central executive functions, such as inhibitory control, working 
memory, and cognitive flexibility, components that represent significant aspects in 
the regulation of information processing [12, 19–21].

Childhood is an optimal period for developing these functions, which can be 
strengthened with practice through the implementation of stimulation and strength-
ening programs.

In the province of Mendoza, Argentina, the author of this chapter has been a 
pioneer in the design and development of this computerized test [2, 3]. Thus, TAI has 
been used in various investigations in the school population [2, 3, 29–31].

The TAI presents satisfactory values of internal consistency for each of the tests 
(Test 1, KR20 = .78; Test 2, KR20 = .74; Test 3, KR20 = .73). Regarding concurrent 
validity, the results showed moderate and significant positive correlations (p < .01) 
between the CARAS-R test and subtests 1 and 2 of the TAI, used to evaluate atten-
tional efficiency. Likewise, positive and significant associations (p < .01) were 
observed between Test 3 of the TAI and the Corsi Block Test, used to evaluate visuo-
spatial working memory. These findings suggest that the TAI presents proper indica-
tors of validity and reliability.

In Argentina, studies have been carried out that are strongly supported from an 
empirical and theoretical point of view on the validation of computerized instru-
ments that evaluate attention and the central components of executive functioning: 
inhibitory control, working memory, and cognitive flexibility [18, 32–34].

The computerized battery called Cognitive Self-Regulation Tasks (TAC) was 
developed in Argentina for the computerized evaluation of executive functions in 
adults and children [33]. In a sample of 41 children between 6 and 11 years old, the 
internal consistency obtained through Cronbach’s alpha was .79.

A widely used computerized test battery is the Cambridge Neuropsychological 
Test Automated Battery (CANTAB). It assesses visual memory, basic executive func-
tions, and attention. It has acceptable internal consistency obtained from a sample 
of 230 children from Finland [35]. Cronbach’s alpha values for the various subtests 
ranged from .49 to .87.

The Computerized Neuropsychological Assessment Battery for Children (BENCI), 
a test from Spain, was designed to assess various neuropsychological functions in 
Spanish-speaking children. It covers the assessment of attention, memory, processing 
speed, visual-motor coordination, language, and executive functions, but it has not 
yet been validated for the Argentine population [36].

The development of computerized programs for the evaluation and training of 
cognitive functions, based on empirical research, is extremely necessary for their 
incorporation and application, both in the processes of psychological diagnoses and 
for planning interventions in the clinical and educational areas.
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Likewise, the administration of computerized tests allows for increasing the preci-
sion in the recording of the times used by the subjects to complete the test, reducing 
errors in the qualification of the results, and accelerating the process of obtaining the 
results. Equally important is the storage and safeguarding of the information of each 
person evaluated, reducing the time elapsed between the application of the evaluation 
and/or intervention instrument and the reporting of the results, among other consid-
erations [23, 37].

In agreement with Canet Juric et al. [32], who have proposed that, for Spanish-
speaking Latin American children, computerized tools for the evaluation of 
these functions have been scarce and not adequately validated or standardized 
for our country. From this perspective, TAI is a test developed and validated in 
our country that can be applied in clinical and educational settings, allowing us 
to reach more appropriate conclusions, both at the diagnostic level and in the 
interpretation of the results of neuropsychological interventions. Furthermore, it 
can be applied both to healthy populations and to populations with some neuro-
psychological dysfunction or difficulty. I am of the understanding that there are 
no similar tests in Latin America.

For future advances, it would be interesting if TAI could be applied in diverse 
contexts with other child populations in order to enable the identification of similari-
ties and differences in the performance of the functions analyzed in different socio-
cultural groups, enriching the purpose of the test with comparative studies.

4.  Conclusion

This chapter presents the development of the Computerized Child Attention Test, 
version 6.0 (TAI), an instrument made to assess attentional performance and visuo-
spatial working memory in Argentine children from 8 to 11 years old through visual 
search tasks. This involves putting into practice the perception of differences, visual 
discrimination, visual integration, perceptual speed, and the memory of visuospatial 
information.

One of the advantages of TAI 6.0 is having parallel forms to be applied in the case 
of studies, where it is necessary: to evaluate the trajectory of attentional processes 
and visual working memory; to investigate the effectiveness of clinical or educational 
training programs; and to analyze the performances before and after the evaluated 
functions. In turn, the evaluation module has reliability and validity studies that 
make it an appropriate instrument for Argentine children, allowing the early detec-
tion of difficulties in the functions evaluated [24].

TAI meets the aforementioned conditions, being a complete tool, including, 
within the same software, both the Evaluation Module and the Training Module 
assessing attention and visuospatial working memory.

In relation to the training module, the software allows for obtaining a precise 
record of the trajectories of both functions as the training sessions progress, obtain-
ing a performance profile. At the same time, reaction times, successes, errors, and 
omissions are recorded in each work session, while the results obtained by each child 
are safeguarded.

The contribution made with the development of TAI 6.0 is by offering a computer-
ized instrument for application in child psychology, making it possible, in an inte-
grated manner, to evaluate and strengthen two basic cognitive functions for school 
learning: attention and visuospatial working memory.
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