
Recent Advances in 
Biostatistics

Edited by B. Santhosh Kumar

Edited by B. Santhosh Kumar

This one-of-a-kind volume explores the most recent advancements in biostatistics 
and its applications. Among the chapters included are both original contributions and 
reviews of the most recent advancements in the field. Written by researchers from the 
pharmaceutical industry, universities, and the research and development divisions of 

the government, this book offers a balanced representation of the research community. 
It provides advanced graduate students and new researchers with a complete scholarly 

assessment of several research frontiers in biostatistics and will help these readers 
make significant contributions to the development of the subject by exploring new 

approaches and making discoveries.

Published in London, UK 

©  2024 IntechOpen 
©  Tetiana Lazunova / iStock

ISBN 978-1-83769-805-9

Recent A
dvances in Biostatistics





Recent Advances in 
Biostatistics

Edited by B. Santhosh Kumar

Published in London, United Kingdom



Recent Advances in Biostatistics
http://dx.doi.org/10.5772/intechopen.1000344
Edited by B. Santhosh Kumar

Contributors
Ajith Wickramasinghe, Ankita Pal, Anusha Jayasiri, Aseem Mishra, Atanu Bhattacharjee, Barbara J. 
Lutz, Dechang Chen, Dieter Rasch, Dilip Kumar Ghosh, Hazhar Talaat Abubaker Blbas, Huan Wang, 
Joanne N. Halls, L. Rob Verdooren, Li Sheng, Matthew A. Psioda, Olubunmi Alabi, Pankaj Chaturvedi, 
Sara B. Jones, Satyajit Pradhan, Tosin Bukola

© The Editor(s) and the Author(s) 2024

The rights of the editor(s) and the author(s) have been asserted in accordance with the Copyright, 
Designs and Patents Act 1988. All rights to the book as a whole are reserved by INTECHOPEN LIMITED. 
The book as a whole (compilation) cannot be reproduced, distributed or used for commercial or 
non-commercial purposes without INTECHOPEN LIMITED’s written permission. Enquiries concerning 
the use of the book should be directed to INTECHOPEN LIMITED rights and permissions department 
(permissions@intechopen.com).

Violations are liable to prosecution under the governing Copyright Law.

Individual chapters of this publication are distributed under the terms of the Creative Commons 
Attribution 3.0 Unported License which permits commercial use, distribution and reproduction of 
the individual chapters, provided the original author(s) and source publication are appropriately 
acknowledged. If so indicated, certain images may not be included under the Creative Commons 
license. In such cases users will need to obtain permission from the license holder to reproduce 
the material. More details and guidelines concerning content reuse and adaptation can be found at 
http://www.intechopen.com/copyright-policy.html.

Notice

Statements and opinions expressed in the chapters are these of the individual contributors and not 
necessarily those of the editors or publisher. No responsibility is accepted for the accuracy of 
information contained in the published chapters. The publisher assumes no responsibility for any 
damage or injury to persons or property arising out of the use of any materials, instructions, methods 
or ideas contained in the book.

First published in London, United Kingdom, 2024 by IntechOpen
IntechOpen is the global imprint of INTECHOPEN LIMITED, registered in England and Wales, 
registration number: 11086078, 167-169 Great Portland Street, London, W1W 5PF, United Kingdom

British Library Cataloguing-in-Publication Data
A catalogue record for this book is available from the British Library

Additional hard and PDF copies can be obtained from orders@intechopen.com

Recent Advances in Biostatistics
Edited by B. Santhosh Kumar
p. cm.
Print ISBN 978-1-83769-805-9
Online ISBN 978-1-83769-804-2
eBook (PDF) ISBN 978-1-83769-806-6



Selection of our books indexed in the Book Citation Index 
in Web of Science™ Core Collection (BKCI)

Interested in publishing with us? 
Contact book.department@intechopen.com

Numbers displayed above are based on latest data collected. 
For more information visit www.intechopen.com

7,000+ 
Open access books available

156
Countries delivered to

12.2%
Contributors from top 500 universities

Our authors are among the

Top 1%
most cited scientists

186,000+
International  authors and editors

200M+ 
Downloads

We are IntechOpen,
the world’s leading publisher of 

Open Access books
Built by scientists, for scientists

BOOK
CITATION

INDEX

 

CL
AR

IVATE ANALYTICS

IN D E X E D





Meet the editor

Dr. B. Santhosh Kumar is a Professor and Head at Guru Nanak 
Institute of Technology, Hyderabad, India. He has 19 years 
of teaching and research experience. He obtained a BEng in 
Computer Science and Engineering from Bharathiar University, 
India, in 2004 and an MEng with a specialization in computer 
science and engineering from Anna University, India, in 2011. 
He also obtained a Ph.D. from Anna University in 2018. Dr. 

Kumar is currently pursuing a post-doctoral fellowship at the University of Louisi-
ana, USA, and a research fellowship at INTL International University, Malaysia. His 
research interests include data science, machine learning, blockchain technology, 
and data mining. He has 122 publications to his credit, including journal articles 
and conference publications. He has filed thirteen patents and one copyright. He has 
authored fourteen books and five book chapters. He has delivered numerous guest 
lectures, webinars, and keynote speeches and received eighteen awards from vari-
ous professional bodies. He is a reviewer of more than 1200 papers for international 
journals and is a session chair for various international conferences. He is a senior 
member of the Institute of Electrical and Electronics Engineers (IEEE), appointed 
as an ACM Distinguished Speaker, a fellow member of the Institute of Engineers, 
and a life member of the Indian Society for Technical Education. Dr. Kumar was 
recognized as a 2019 Researcher of the Year by the World Book of Researchers. 





Preface XI

Chapter 1 1
Introduction to Descriptive Statistics
by Olubunmi Alabi and Tosin Bukola

Chapter 2 13
Descriptive Statistics
by Hazhar Talaat Abubaker Blbas

Chapter 3 23
Spatial Statistics: A GIS Methodology to Investigate Point Patterns  
in Stroke Patient Healthcare
by Joanne N. Halls, Barbara J. Lutz, Sara B. Jones and Matthew A. Psioda

Chapter 4 45
Statistical Model for the Quality of Panoramic Images of 2D Artifacts
by Ajith Wickramasinghe and Anusha Jayasiri

Chapter 5 65
Useful Block Designs in Biostatistics
by L. Rob Verdooren and Dieter Rasch

Chapter 6 99
Perspective Chapter: Using Effect Sizes to Study the Survival Difference 
between Two Groups
by Huan Wang, Li Sheng and Dechang Chen

Chapter 7 113
Perspective Chapter: Linear Regression and Logistic Regression Models
by Dilip Kumar Ghosh

Chapter 8 135
QoLMiss: Package for Repeatedly Measured Quality of Life of Cancer 
Patients Data
by Ankita Pal, Satyajit Pradhan, Aseem Mishra, Pankaj Chaturvedi  
and Atanu Bhattacharjee

Contents



Preface

In the dynamic landscape of biomedical research, the field of biostatistics plays a pivotal role 
in unravelling complex patterns, extracting meaningful insights, and guiding evidence-based 
decision-making. As we stand at the intersection of data science, health care, and statistical 
methodologies, the compilation of Recent Advances in Biostatistics emerges as a testament to 
the relentless pursuit of excellence in statistical approaches within the realm of life sciences.

This anthology is a collaborative effort that brings together the expertise and perspectives 
of accomplished researchers, statisticians, and practitioners who have dedicated their 
efforts to pushing the boundaries of biostatistics. It provides a comprehensive overview 
of the latest methodologies, innovations, and applications that have transformed the 
landscape of statistical analysis in the biomedical arena.

The chapters within this volume explore a diverse array of topics, ranging from cutting-edge 
statistical techniques for analyzing high-dimensional biological data to advanced methods 
in clinical trial design and analysis. The contributors delve into the challenges posed by 
modern healthcare datasets, such as electronic health records and genomics, and propose 
novel solutions that enhance our ability to draw robust inferences and make informed 
decisions in the face of uncertainty.

Furthermore, this collection reflects the interdisciplinary nature of contemporary biosta-
tistics, highlighting collaborations with epidemiologists, clinicians, bioinformaticians, and 
other stakeholders. The synergistic integration of statistical methods with domain-specific 
knowledge is emphasized throughout, reinforcing the notion that successful advances in 
biostatistics require a holistic and collaborative approach.

As editors, we are grateful to the esteemed authors who have shared their expertise and 
insights, contributing to the richness and diversity of this compilation. We hope that this 
volume serves as a valuable resource for researchers, students, and practitioners alike, 
fostering a deeper understanding of the latest developments in biostatistics and inspiring 
future innovations.

Recent Advances in Biostatistics serves as a snapshot of the ever-evolving landscape of 
statistical methodologies in the life sciences. We invite readers to embark on a journey 
through the pages of this collection, exploring the forefront of biostatistical research and 
its profound impact on advancing our understanding of health and disease.

Dr. B. Santhosh Kumar
Professor, Head of Department,

Department of Computer Science and Engineering,
Guru Nanak Institute of Technology,

Hyderabad, Telagana, India
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Chapter 1

Introduction to Descriptive 
Statistics
Olubunmi Alabi and Tosin Bukola

Abstract

This chapter offers a comprehensive exploration of descriptive statistics, tracing 
its historical development from Condorcet’s “average” concept to Galton and Pearson’s 
contributions. Emphasizing its pivotal role in academia, descriptive statistics serve as a 
fundamental tool for summarizing and analyzing data across disciplines. The chapter 
underscores how descriptive statistics drive research inspiration and guide analysis, and 
provide a foundation for advanced statistical techniques. It delves into their historical 
context, highlighting their organizational and presentational significance. Furthermore, 
the chapter accentuates the advantages of descriptive statistics in academia, including 
their ability to succinctly represent complex data, aid decision-making, and enhance 
research communication. It highlights the potency of visualization in discerning data 
patterns and explores emerging trends like large dataset analysis, Bayesian statistics, 
and nonparametric methods. Sources of variance intrinsic to descriptive statistics, such 
as sampling fluctuations, measurement errors, and outliers, are discussed, stressing the 
importance of considering these factors in data interpretation.

Keywords: academic research, data analysis, data visualization, decision-making, 
research methodology, data summarization

1. Introduction

The French mathematician and philosopher Condorcet established the idea of 
the “average” as a means to summarize data, which is when descriptive statistics got 
their start. Yet, the widespread use of descriptive statistics in academic study did not 
start until the 19th century. Francis Galton, who was concerned in the examination 
of human features and attributes, was one of the major forerunners of descriptive 
statistics. Galton created various statistical methods that are still frequently applied 
in academic research today, such as the correlation and regression analysis concepts. 
The American statistician and mathematician in the early 20th century Karl Pearson 
created the “normal distribution,” which is a bell-shaped curve that characterizes 
the distribution of many natural occurrences. Moreover, Pearson created a number 
of correlational measures and popularized the chi-square test, which evaluates the 
significance of variations between observed and predicted frequencies. With the 
advent of new methods like multivariate analysis and factor analysis in the middle of 
the 20th century, the development of electronic computers sparked a revolution in 
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statistical analysis. Descriptive statistics is the analysis and summarization of data to 
gain insights into its characteristics and distribution [1].

Descriptive statistics help researchers generate study ideas and guide further 
analysis by allowing them to explore data patterns and trends [2]. Descriptive statis-
tics were used more often in academic research because they helped researchers better 
comprehend their datasets and served as a basis for more sophisticated statistical 
techniques. Similarly, Descriptive statistics are used to summarize and analyze data in 
a variety of academic areas, including psychology, sociology, economics, education, 
and epidemiology [3]. Descriptive statistics continue to be a crucial research tool in 
academia today, giving researchers a method to compile and analyze data from many 
fields. It is now simpler than ever to analyze and understand data, enabling research-
ers to make better informed judgments based on their results. This is due to the 
development of new statistical techniques and computer tools. Descriptive statistics 
can benefit researchers in hypothesis creation and exploratory analysis by identifying 
trends, patterns, and correlations between variables in huge datasets [4]. Descriptive 
statistics are important in data-driven decision-making processes because they allow 
stakeholders to make educated decisions based on reliable data [5].

2. Background

The history of descriptive statistics may be traced back to the 17th century, when 
early pioneers like John Graunt and William Petty laid the groundwork for statistical 
analysis [6]. Descriptive statistics is a fundamental concept in academia that is widely 
used across many disciplines, including social sciences, economics, medicine, engineer-
ing, and business. Descriptive statistics provides a comprehensive background for 
understanding data by organizing, summarizing, and presenting information effec-
tively [7]. In academia, descriptive statistics is used to summarize and analyze data, 
providing insights into the patterns, trends, and characteristics of a dataset. Similarly, 
in academic research, descriptive statistics are often used as a preliminary analysis 
technique to gain a better understanding of the dataset before applying more complex 
statistical methods. Descriptive statistics lay the groundwork for inferential statistics 
by assisting researchers in drawing inferences about a population based on observed 
sample data [8]. Descriptive statistics aid in the identification and analysis of outliers, 
which can give useful insights into unusual observations or data collecting problems [9].

Descriptive statistics enable researchers to synthesize both quantitative and 
qualitative data, allowing for a thorough examination of factors [10]. Descriptive sta-
tistics can provide valuable information about the central tendency, variability, and 
distribution of the data, allowing researchers to make informed decisions about the 
appropriate statistical techniques to use. Descriptive statistics are an essential com-
ponent of survey research technique, allowing researchers to efficiently summarize 
and display survey results [11]. Descriptive statistics may be used to summarize data 
as well as spot outliers, or observations that dramatically depart from the trend of the 
data as a whole. Finding outliers can help researchers spot any issues or abnormali-
ties in the data so they can make the necessary modifications or repairs. In academic 
research, descriptive statistics are frequently employed to address research issues and 
evaluate hypotheses. Descriptive statistics, for instance, can be used to compare the 
average scores of two groups to see if there is a significant difference between them. 
In order to create new hypotheses or validate preexisting ideas, descriptive statistics 
may also be used to find patterns and correlations in the data.
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There are several sources of variation that can affect the descriptive statistics of a 
data set, some of which include: Sampling Variation, descriptive statistics are often 
calculated using a sample of data rather than the entire population. Therefore, the 
descriptive statistics can vary depending on the particular sample that is selected. 
This is known as sampling variation. Measurement Variation, different measurement 
methods can produce different results, leading to variation in descriptive statistics. 
For example, if a scale is used to measure the weight of objects, slight differences in 
how the scale is used can produce slightly different measurements.

Data entry errors are mistakes made during the data entry process which can lead 
to variation in descriptive statistics. Even small errors, such as transposing two digits, 
can significantly impact the results. Outliers, Outliers are extreme values that fall out-
side of the expected range of values. These values can skew the descriptive statistics, 
making them appear more or less extreme than they actually are. Natural Variation, 
Natural variation refers to the inherent variability in the data itself. For example, if a 
data set contains measurements of the heights of trees, there will naturally be varia-
tion in the heights of the trees. It is important to understand these sources of variation 
when interpreting and using descriptive statistics in academia. Properly accounting 
for these sources of variation can help ensure that the descriptive statistics accurately 
reflect the underlying data.

Some emerging patterns in descriptive statistics in academia include: Big data 
analysis, with the increasing availability of large data sets, researchers are using 
descriptive statistics to identify patterns and trends in the data. The use of big data 
analysis techniques, such as machine learning and data mining, is becoming more 
common in academic research. Visualization techniques, advances in data visualiza-
tion techniques are enabling researchers to more easily identify patterns in data sets. 
For example, heat maps and scatter plots can be used to visualize the relationship 
between different variables. Bayesian statistics is an emerging area of research in 
academia, which involves using probability theory to make inferences about data. 
Bayesian statistics can provide more accurate estimates of descriptive statistics, 
particularly when dealing with complex data sets.

Non-parametric statistics are becoming increasingly popular in academia, 
particularly when dealing with data sets that do not meet the assumptions of tradi-
tional parametric statistical tests. Non-parametric tests do not require the data to be 
normally distributed, and can be more robust to outliers. Open science practices, 
such as pre-registration and data sharing, are becoming more common in academia. 
This is enabling researchers to more easily replicate and verify the results of descrip-
tive statistical analyses, which can improve the quality and reliability of research 
findings. Overall, the emerging patterns in descriptive statistics in academia reflect 
the increasing availability of data, the need for more accurate and robust statisti-
cal techniques, and a growing emphasis on transparency and openness in research 
practices.

3. Benefits of descriptive statistics

The advantages of descriptive statistics extend beyond research and academia, 
with applications in commercial decision-making, public policy, and strategic plan-
ning [12]. The benefits of descriptive statistics include providing a clear and concise 
summary of data, aiding in decision-making processes, and facilitating effective 
communication of findings [13]. Descriptive statistics provide numerous benefits to 
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academia, some of which include: Summarization of Data: descriptive statistics allow 
researchers to quickly and efficiently summarize large data sets, providing a snapshot 
of the key characteristics of the data. This can help researchers identify patterns and 
trends in the data, and can also help to simplify complex data sets. Better decision 
making: descriptive statistics can help researchers make data-driven decisions. For 
example, if a researcher is comparing the effectiveness of two different treatments, 
descriptive statistics can be used to identify which treatment is more effective based 
on the data. Visualization of data: descriptive statistics can be used to create visualiza-
tions of data, which can make it easier to communicate research findings to others.

Histograms, bar charts, and scatterplots are examples of data visualization tech-
niques that may be used to graphically depict data in order to detect trends, outliers, 
and correlations [14]. Visualizations can also help to identify patterns and trends in 
the data that might not be immediately apparent from raw data. Hypothesis Testing: 
descriptive statistics are often used in hypothesis testing, which allows researchers to 
determine whether a particular hypothesis about a data set is supported by the data. 
This can help to validate research findings and increase confidence in the conclusions 
drawn from the data. Improved data quality: Descriptive statistics can help to identify 
errors or inconsistencies in the data, which can help researchers improve the quality 
of the data. This can lead to more accurate research findings and a better understand-
ing of the underlying phenomena. Overall, the benefits of descriptive statistics in 
academia are many and varied. They help researchers summarize large data sets, 
make data-driven decisions, visualize data, validate research findings, and improve 
the quality of the data. By using descriptive statistics, researchers can gain valuable 
insights into complex data sets and make more informed decisions based on the data.

4. Practical applications of descriptive statistics

Descriptive statistics has practical applications in disciplines such as business, 
social sciences, healthcare, finance, and market research [15]. Descriptive statistics 
have a wide range of practical applications in academia, some of which include: Data 
Summarization: Descriptive statistics can be used to summarize large data sets, mak-
ing it easier for researchers to understand the key characteristics of the data. This is 
particularly useful when dealing with complex data sets that contain many variables. 
Hypothesis Testing: Descriptive statistics can be used to test hypotheses about a data 
set. For example, researchers can use descriptive statistics to test whether the mean 
value of a particular variable is significantly different from a hypothesized value. Data 
visualization: descriptive statistics can be used to create visualizations of data, which 
can make it easier to identify patterns and trends in the data. For example, a histo-
gram or boxplot can be used to visualize the distribution of a variable. Comparing 
Groups: Descriptive statistics can be used to compare different groups within a data 
set. For example, researchers may compare the mean values of a particular variable 
between different demographic groups, such as age or gender. Predictive modeling: 
Descriptive statistics can be used to build predictive models, which can be used to 
forecast future trends or outcomes. For example, a researcher might use descriptive 
statistics to identify the key variables that predict student performance in a particular 
course. The practical applications of descriptive statistics in academia are wide-
ranging and varied. They can be used in many different fields, including psychology, 
economics, sociology, and biology, among others, to provide insights into complex 
data sets and help researchers make data-driven decisions (Figure 1).



5

Introduction to Descriptive Statistics
DOI: http://dx.doi.org/10.5772/intechopen.1002475

Descriptive statistics is a useful tool for researchers in a variety of sectors since 
it allows them express the major characteristics of a dataset, such as its frequency, 
central tendency, variability, and distribution.

4.1 Central tendency measurements

Central tendency metrics, such as mean, median, and mode, are essential descrip-
tive statistics that offer information about the average or typical value in a collection 
[16]. One of the primary purposes of descriptive statistics is to summarize data in a 
succinct and useful manner. Measures of central tendency, such as the median, are 
resistant to outliers and offer a more representative assessment of the average value 
in a skewed distribution [17]. The mean, median, and mode are measures of central 
tendency that are used to characterize the usual or center value of a dataset. The mean 
of a dataset is the arithmetic average, but the median is the midway number when the 
data is ordered in order of magnitude. The mode is the most often occurring value in 
the collection. Central tendency measurements are one of the most important aspects 
of descriptive statistics, as they provide a summary of the “typical” value of a data set.

The three most commonly used measures of central tendency are: Mean: the mean 
is calculated by adding up all the values in a data set and dividing by the total number 
of values. The mean is sensitive to outliers, as even one extreme value can greatly 
affect the mean. Median: the median is the middle value in a data set when the values 
are ordered from smallest to largest. If the data set has an odd number of values, the 
median is the middle value. If the data set has an even number of values, the median 
is the average of the two middle values. The median is more robust to outliers than the 
mean. Mode: the mode is the most common value in a data set. In some cases, there 
may be multiple modes (i.e. bimodal or multimodal distributions). The mode is useful 
for identifying the most frequently occurring value in a data set. Each of these mea-
sures of central tendency provides a different perspective on the “typical” value of a 
data set, and which measure is most appropriate to use depends on the nature of the 
data and the research question being addressed. For example, if the data set contains 
extreme outliers, the median may be a better measure of central tendency than the 
mean. Conversely, if the data set is symmetrical and normally distributed, the mean 
may provide the best measure of central tendency.

4.2 Variability indices

It is another key part of descriptive statistics is determining data variability. The 
spread or dispersion of data points about the central tendency readings is quantified 
by variability indices such as range, variance, and standard deviation [18]. Variability 

Figure 1. 
Types of descriptive statistics. Ref: https://www.analyticssteps.com/blogs/types-descriptive-analysis-examples-steps.
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measures, such as range, variance, and standard deviation, reveal information about 
the spread or dispersion of the data. Variability indices, such as the coefficient of 
variation, allow you to compare variability across various datasets with different 
scales or units of measurement [19]. The range is the distance between the dataset’s 
greatest and lowest values, and the variance and standard deviation are measures 
of how much the data values depart from the mean. Variability indices are measures 
used in descriptive statistics to provide information about how much the data var-
ies or how spread out it is. Variability indices, such as the interquartile range, give 
insights into data distribution while being less impacted by extreme values than the 
standard deviation [20]. Some commonly used variability indices include:

Range: The range is the difference between the largest and smallest values in a data 
set. It provides a simple measure of the spread of the data, but is sensitive to outliers. 
Interquartile Range (IQR): The IQR is the range of the middle 50% of the data. It is 
calculated by subtracting the 25th percentile (lower quartile) from the 75th percentile 
(upper quartile). The IQR is more robust to outliers than the range. Variance: The 
variance is a measure of how spread out the data is around the mean. It is calculated 
by taking the average of the squared differences between each data point and the 
mean. The variance is sensitive to outliers. Standard Deviation: The standard devia-
tion is the square root of the variance. It provides a measure of how much the data 
varies from the mean, and is more commonly used than the variance because it has 
the same units as the original data.

Coefficient of Variation (CV): The CV is a measure of relative variability, 
expressed as a percentage. It is calculated by dividing the standard deviation by the 
mean and multiplying by 100. The CV is useful for comparing variability across 
different data sets that have different units or scales. These variability indices provide 
important information about the spread and variability of the data, which can help 
researchers better understand the characteristics of the data and draw meaningful 
conclusions from it.

4.3 Data visualization

Data may be visually represented using graphical approaches in addition to 
numerical metrics. Graphs and charts, such as histograms, box plots, and scatterplots, 
allow researchers investigate data patterns and correlations. Box plots and violin plots 
are efficient data visualization approaches for showing data distribution and spot-
ting potential outliers [21]. They may also be used to detect outliers, or data points 
that deviate dramatically from the rest of the data. Data visualization is an important 
aspect of descriptive statistics, as it allows researchers to communicate complex 
data in a visual and easily understandable format. Some common types of data 
visualization used in descriptive statistics include: Histograms: Histograms are used 
to display the distribution of a continuous variable. The data is divided into intervals 
(or “bins”), and the number of observations falling into each bin is displayed on the 
vertical axis. Histograms provide a visual representation of the shape of the distribu-
tion, and can help to identify outliers or skewness. Box plots: Box plots provide a 
graphical representation of the distribution of a continuous variable. The application 
of graphical approaches, such as scatterplots and heat maps, improves comprehension 
of correlations and patterns in large datasets [22].

The box represents the middle 50% of the data, with the median displayed as a 
horizontal line inside the box. The whiskers extend to the minimum and maximum 
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values in the data set, and any outliers are displayed as points outside the whiskers. 
Box plots are useful for comparing distributions across different groups or for identi-
fying outliers. Scatter plots: Scatter plots are used to display the relationship between 
two continuous variables. Each data point is represented as a point on the graph, with 
one variable displayed on the horizontal axis and the other variable displayed on the 
vertical axis. Scatter plots can help to identify patterns or relationships in the data, 
such as a positive or negative correlation. Bar charts: Bar charts are used to display the 
distribution of a categorical variable.

The categories are displayed on the horizontal axis, and the frequency or percent-
age of observations falling into each category is displayed on the vertical axis. Bar 
charts can help to compare the frequency of different categories or to display the 
results of a survey or questionnaire. Heat maps: Heat maps are used to display the 
relationship between two categorical variables. The categories are displayed on both 
the horizontal and vertical axes, and the frequency or percentage of observations 
falling into each combination of categories is displayed using a color scale. Heat maps 
can help to identify patterns or relationships in the data, such as a higher frequency of 
observations in certain combinations of categories. These types of data visualizations 
can help researchers to communicate complex data in a clear and understandable 
format, and can also provide insights into the characteristics of the data that may not 
be immediately apparent from the raw data.

4.4 Data cleaning and preprocessing

Data cleaning and preprocessing procedures, such as imputation methods for 
missing data, aid in the preservation of data integrity and the reduction of bias in 
descriptive analysis [23]. Before beginning any statistical analysis, be certain that the 
data is clean and well arranged. The process of discovering and fixing flaws or incon-
sistencies in data, such as missing numbers or outliers, is known as data cleaning. 
Data preparation is the process of putting data into an appropriate format for analysis, 
such as scaling or normalizing the data. Data cleaning and preprocessing are essential 
steps in descriptive analysis, as they help to ensure that the data is accurate, complete, 
and ready for analysis. Some common data cleaning and preprocessing steps include: 
Handling missing data: Missing data can be a common problem in datasets and can 
impact the accuracy of the analysis. Depending on the amount of missing data, 
researchers may choose to remove incomplete cases or impute missing values using 
techniques such as mean imputation, regression imputation, or multiple imputation. 
Handling outliers: Outliers are extreme values that are different from the majority 
of the data points and can distort the analysis. Outlier identification and removal 
procedures, for example, assist increase the accuracy and reliability of descriptive 
statistics [24].

To assure the correctness and dependability of descriptive statistics, data cleaning 
and preprocessing require finding and dealing with missing values, outliers, and data 
inconsistencies [25]. Researchers may choose to remove or transform outliers to better 
reflect the characteristics of the data. Data transformation: Data transformation is 
used to normalize the data or to make it easier to analyze. Common transformations 
include logarithmic, square root, or Box-Cox transformations. Handling categori-
cal data: Categorical data, such as nominal or ordinal data, may need to be recoded 
into numerical data before analysis. Researchers may also need to handle missing 
or inconsistent categories within the data. Standardizing data: Standardizing data 
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involves scaling the data to have a mean of zero and a standard deviation of one. This 
can be useful for comparing variables with different units or scales. Data integration: 
Data integration involves merging or linking multiple datasets to create a single, 
comprehensive dataset for analysis. This may involve matching or merging datasets 
based on common variables or identifiers. By performing these data cleaning and 
preprocessing steps, researchers can ensure that the data is accurate and ready for 
analysis, which can lead to more reliable and meaningful insights from the data.

5. Descriptive statistics in academic methodology

Descriptive statistics are important in academic technique because they enable 
researchers to synthesize and describe data collected for research objectives [26]. 
Descriptive statistics is often used in combination with other statistical techniques, 
such as inferential statistics, to draw conclusions and make predictions from the data. 
In academic research, descriptive statistics is used in a variety of ways, such as describ-
ing sample characteristics. Descriptive statistics is used to describe the characteristics 
of a sample, such as the mean, median, and standard deviation of a variable. This 
information can be used to identify patterns, trends, or differences within the sample. 
Identifying data outliers: Descriptive statistics can help researchers identify potential 
outliers or anomalies in the data, which can affect the validity of the results. For exam-
ple, identifying extreme values in a dataset can help researchers to investigate whether 
these values are due to measurement error or a true characteristic of the population.

Communicating research findings: Descriptive statistics is used to summarize 
and communicate research findings in a clear and concise manner. Graphs, charts, 
and tables can be used to display descriptive statistics in a way that is easy to under-
stand and interpret. Testing assumptions: Descriptive statistics can be used to test 
assumptions about the data, such as normality or homogeneity of variance, which 
are important for selecting appropriate statistical tests and interpreting the results. 
Overall, descriptive statistics is a critical methodology in academic research that helps 
researchers to describe and understand the characteristics of their data. By using 
descriptive statistics, researchers can draw meaningful insights and conclusions from 
their data, and communicate these findings to others in a clear and concise manner.

6. Pitfalls of descriptive statistics

The possibility for misunderstanding, reliance on summary measures alone, and 
susceptibility to high values or outliers are all disadvantages of descriptive statistics 
[27]. While descriptive statistics is an essential tool in academic statistics, there 
are several potential pitfalls that researchers should be aware of: Limited scope: 
Descriptive statistics can provide a useful summary of the characteristics of a data-
set, but it is limited in its ability to provide insights into the underlying causes or 
mechanisms that drive the data. Descriptive statistics alone cannot establish causal 
relationships or test hypotheses. Misleading interpretations: Descriptive statistics can 
be misleading if not interpreted correctly. For example, a small sample size may not 
accurately represent the population, and summary statistics such as the mean may not 
be meaningful if the data is not normally distributed.

Incomplete analysis: Descriptive statistics can only provide a limited view of the 
data, and researchers may need to use additional statistical techniques to fully analyze 
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the data. For example, hypothesis testing and regression analysis may be needed 
to establish relationships between variables and make predictions. Biased data: 
Descriptive statistics can be biased if the data is not representative of the population 
of interest. Sampling bias, measurement bias, or non-response bias can all impact 
the validity of descriptive statistics. Over-reliance on summary statistics: Descriptive 
statistics can be over-reliant on summary statistics such as the mean or median, which 
may not provide a complete picture of the data. Visualizations and other descriptive 
statistics, such as measures of variability, can provide additional insight into the data. 
To avoid these pitfalls, researchers should carefully consider the scope and limita-
tions of descriptive statistics and use additional statistical techniques as needed. They 
should also ensure that their data is representative of the population of interest and 
interpret their descriptive statistics in a thoughtful and nuanced manner.

7. Conclusion

Researchers can test the normalcy assumptions of their data by using relevant 
descriptive statistics techniques such as measures of skewness and kurtosis [28]. 
Descriptive statistics has become a fundamental methodology in academic research 
that is used to summarize and describe the characteristics of a dataset, such as the 
central tendency, variability, and distribution of the data. It is used in a wide range 
of disciplines, including social sciences, natural sciences, engineering, and business. 
Descriptive statistics can be used to describe sample characteristics, identify data 
outliers, communicate research findings, and test assumptions. The kind of data, 
research topic, and particular aims of the study all influence the right choice and 
implementation of descriptive statistical approaches [29].

However, there are several potential pitfalls of descriptive statistics, including 
limited scope, misleading interpretations, incomplete analysis, biased data, and over-
reliance on summary statistics. The use of descriptive statistics in data presentation 
can improve the interpretability of study findings, making complicated material more 
accessible to a larger audience [30]. To use descriptive statistics effectively in aca-
demic research, researchers should carefully consider the limitations and scope of the 
methodology, use additional statistical techniques as needed, ensure that their data is 
representative of the population of interest, and interpret their descriptive statistics 
in a thoughtful and nuanced manner.
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Chapter 2

Descriptive Statistics
Hazhar Talaat Abubaker Blbas

Abstract

Descriptive statistics is a branch of statistics that deals with summarizing and
describing the main features of a dataset. This chapter will cover the value of statistics,
how data analysis occurs in scientific study, the distinction between a sample and the
population, the different types of variables, sampling techniques, measures of central
tendency, and measures of dispersion. The summary of descriptive statistics gives a
succinct overview of various metrics and visual representations, enabling researchers
and analysts to learn more about the features of the dataset and draw accurate
conclusions.

Keywords: mean, median, mode, standard deviation, coefficient of variation,
probability sampling, non-probability sampling

1. Introduction

Descriptive statistics involve summarizing and describing data using numerical
measures and graphical representations. It provides a concise and meaningful way to
understand and communicate the main characteristics of a dataset. This introduction
explores the basics of descriptive statistics, including measures of central tendency,
measures of dispersion, and graphical representations. By examining these statistical
tools, we can gain insights into the patterns, variability, and distribution of data,
allowing us to make informed interpretations and draw meaningful conclusions.

2. What is the process of analyzing data in statistics?

Statistics is the science of collecting, organizing, analyzing, and interpreting data
in order to make decisions as shown in Figure 1.

3. Sample and population

A population is the collection of all outcomes, responses, measurements, or counts
that are of interest since sample is a subset of a population as shown in Figure 2 [1–3].
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Figure 1.
Process of data analysis in scientific research. Source: Author has been created as a new work.

Figure 2.
Difference between sample and population. Source: Author has been created as a new work.
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4. Type of variables

Variable is a characteristic that can assume different values and alphabetic. There
are two common types of variables, such as quantitative variables and qualitative
variables, as shown in Figure 3 [4, 5].

1.Quantitative variables (numerical variables) are variables that represent
measurable quantities or amounts. They can be further classified into two types:

i. Discrete variables: Discrete variables are numerical variables that can
only take on specific, separate values. These values are typically whole
numbers or counts and cannot be subdivided further. Examples of
discrete variables include the number of children in a family, the
number of customers in a store, or the number of items sold.

ii. Continuous variables: Continuous variables are numerical variables that
can take on any value within a certain range. They can be measured with
a high degree of precision and can have infinite possible values between
any two points. Examples of continuous variables include height,
weight, temperature, and income.

2.Qualitative variables (categorical variable): This type of variable represents data
that can be divided into distinct categories or groups. Examples include gender,
ethnicity, marital status, and level of education.

i. Nominal variables: Nominal variables are categorical variables that
represent data with no ranking. Examples of nominal variables include
gender (male/female), ethnicity (Asian, African, European, etc.),
marital status (single, married, divorced), and eye color (blue, brown,
green).

Figure 3.
Type of variables. Source: Author has been created as a new work.
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ii. Ordinal variables: Ordinal variables represent data that has a natural
order or ranking, but the differences between the categories may not be
consistent or measurable. The categories can be ranked or ordered based
on some criterion, but the magnitude of the difference between
categories is not known. Examples of ordinal variables include
satisfaction levels (very satisfied, satisfied, neutral, dissatisfied, very
dissatisfied), educational attainment (high school diploma, bachelor’s
degree, master’s degree), and survey responses using Likert scales
(“strongly agree,” “agree,” “neutral,” “disagree,” “strongly disagree”).

5. Sampling plan

Once the target population has been identified, next the sampling plan must be
devised. Goal: Randomly select a small percent of the population that will in turn
represent the ideas of the population as a whole. There are two general types of
sampling techniques [1, 2, 5]:

5.1 Probability (random) sampling

All members of the population must be specified prior to drawing the sample and
each member of the population has equal probability of being chosen or included in
the sample. There are four common types of Probability (Random) Sampling:

5.1.1 Simple random sampling

Simple random sampling is a statistical sampling technique in which each member
of a population has an equal probability of being selected to be part of the sample. The
selection process is conducted randomly, without any bias or preference toward
certain individuals or elements in the population.

A researcher wants to conduct a survey to understand the opinions of students at a
university regarding a new policy. The university has a total population of 1500
students. For example, a researcher wants to select 100 out of 1500 students as a
sample. Put a unique identifier to each of the students such as a student ID number.
Then, randomly select the 100 students as a sample like a lottery game.

5.1.2 Systematic sampling

Systematic sampling is a statistical sampling technique that involves selecting
every kth element from a population, where k is a predetermined interval. It is similar
to simple random sampling but incorporates a systematic approach to the selection
process.

Depending on the previous example of simple random sampling, the researcher
wants to select 100 students using systematic sampling. We will calculate the sam-
pling interval, which divides the population size by the desired sample size to deter-
mine the sampling interval. In this case, the sampling interval would be 1000/
100 = 10. Next, select a random starting point within the first k elements (in this case,
the first 10 students). Next, starting from the random starting point, select every 10th
student thereafter. So, you would select the 10th, 20th, 30th, and so on, until you
reach the desired sample size.

16

Recent Advances in Biostatistics



5.1.3 Stratified sampling

Stratified sampling is a statistical sampling technique that involves dividing the
population into two or more than two homogeneous groups. Then, randomly select
the desire case in each groups using simple random sampling.

Depending on the previous example in simple random sampling, the researcher
wants to select 100 students using stratified sampling.

First, students can be stratified based on their academic disciplines into four strata:
statistics, accounting, business, and economics department.

1.Determine the sample size: Decide on the desired sample size for each stratum.
Let us say you want to sample 25 students from each stratum (department),
resulting in a total sample size of 100 students.

2.Divide the population into four strata: Categorize the students into the respective
strata based on their academic disciplines. Each student should belong to only
one stratum.

3.Determine the allocation: Calculate the proportionate allocation for each stratum
by dividing the desired sample size for that stratum by the total sample size. In
this case, since each stratum has the same desired sample size (25 students), the
allocation would be 1/4 (25%) for each stratum.

4.Sample within each stratum: Perform simple random sampling within each
stratum separately. Randomly select 25% (25 students) from the statistics
stratum, 25% from the accounting stratum, 25% from business stratum, and 25%
from the economics stratum.

5.Collect data: Once the samples are selected, collect the relevant data or
information from the students in each stratum.

5.1.4 Cluster sampling

Cluster sampling: Cluster sampling involves dividing the population into clusters
or groups, often based on geographical proximity, and randomly selecting entire more
than one clusters as the sampling units. This technique is useful when it is impractical
or costly to sample individuals individually, and it can provide cost and time
efficiencies.

5.2 Nonprobability sampling

Every element in the population does not have an equal probability of being
chosen. The process of inclusion in the sample is based on the judgment of the person
selecting the sample. There are four common types of nonprobability sampling.

5.2.1 Judgment sampling

Purposive sampling: Purposive sampling, also known as judgmental or selective
sampling, involves handpicking individuals based on specific criteria or the
researcher’s judgment. This technique is often used in qualitative research or when a
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specific subgroup of the population is of particular interest. Purposive sampling allows
the researcher to target individuals who possess the desired characteristics or have
relevant experiences.

5.2.2 Convenience sampling

Convenience sampling: Convenience sampling involves selecting individuals who
are easily accessible or readily available to the researcher. This method is convenient
and often used in situations where time, cost, or accessibility is a constraint. However,
convenience sampling can introduce bias, as the sample may not be representative of
the entire population.

5.2.3 Quota sampling

Quota sampling: Quota sampling involves setting specific quotas or targets for
certain characteristics or subgroups within the population. The researcher selects
individuals to fulfill the predetermined quotas until they are satisfied with the sample
composition. Quota sampling allows for control over sample proportions but does not
involve random selection.

5.2.4 Snowball sampling

Snowball sampling: Snowball sampling is a technique where initial participants are
selected, and then they help identify and recruit additional participants from their
social networks. This method is useful when studying hard-to-reach or hidden
populations. Snowball sampling relies on referrals and networks to expand the
sample size.

6. Measures of central tendency

It is a statistical measure that represents information about the central or middle
value of a dataset. The three common measures of central tendency are the mean,
median, and mode [4–6].

1.Mean (average), is calculated by summing up all the values in a dataset and
dividing by the number of values. It represents the balancing point of the dataset
and is sensitive to outliers. Depending on 894 people from Kurdistan Region of
Iraq, the average age of people for the survey about depression and anxiety
during the outbreak of COVID-19 is 33 years [1].

X ¼
P

Xi

n
(1)

Example: Consider the following dataset of exam scores: 85, 90, 92, 88, 95. The
mean is calculated as (85 + 90 + 92 + 88 + 95) / 5 = 90.

2.Median: The median is the middle value in a dataset when it is arranged in
ascending or descending order. If there is an even number of values, the median
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is the average of the two middle values. The median is less influenced by outliers
compared to the mean.

Example: Using the same dataset of exam scores: 85, 90, 92, 88, 95. When
arranged in ascending order, the middle value is 90. Therefore, the median is 90.

3.Mode: The mode represents the most frequently occurring value(s) in a dataset.
It is the value that appears with the highest frequency. A dataset can have no
mode (when all values occur equally) or multiple modes (when multiple values
have the same highest frequency).

Example: Consider the following dataset of exam scores: 85, 90, 92, 88, 90.
The mode is 90 because it appears twice, which is more frequently than any
other value.

7. Measures of dispersion (variation)

Measures of dispersion (Variation), provide information about the spread or dis-
persion of data points around the central tendency. The first three main measures of
dispersion including range, standard deviation, and variance, are used when we have
the same unit of datasets but we can use coefficient of variation once we have
different units of datasets [4–8].

1.Range (R): It is the difference between the maximum and minimum values in a
dataset.

R ¼ Highest value� Lowest value (2)

Example: Consider the following dataset of exam scores: 85, 90, 92, 88, 95. The
range is calculated as 95–85 = 10.

2.Variance (S2): It measures the average squared deviation of each data point from
the mean. It provides a more precise measure of dispersion by considering the
differences between individual data points and the mean. However, it is in
squared units and is sensitive to outliers.

S2 ¼
P

Xi � X
� �2
n� 1

(3)

Example: Using the same dataset of exam scores: 85, 90, 92, 88, 95. The variance is
calculated as follows:

• Calculate the mean: (85 + 90 + 92 + 88 + 95) / 5 = 90.

• Calculate the squared deviation for each data point from the mean: (85–90)^2,
(90–90)^2, (92–90)^2, (88–90)^2, (95–90)^2.

• Calculate the average of these squared deviations: (25 + 0 + 4 + 4 + 25) / 5 = 12.8.
Therefore, the variance is 12.8.

19

Descriptive Statistics
DOI: http://dx.doi.org/10.5772/intechopen.1002179



1.Standard Deviation (S): It is the square root of the variance. It is the most
commonly used measure of dispersion as it is in the original units of the data,
making it more interpretable. It provides a measure of how much the data
deviates from the mean.

S ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP

Xi � X
� �2
n� 1

s
(4)

Example: Using the same dataset of exam scores: 85, 90, 92, 88, 95. The standard
deviation is the square root of the variance calculated in the previous example,
which is approximately 3.58.

2.The coefficient of variation (CV) is a relative measure of dispersion that
expresses the standard deviation as a percentage of the mean. It is used to
compare the variability of datasets with different means or scales. The formula
for calculating the coefficient of variation is:

CV ¼ S
X

∗ 100 (5)

Here’s an example to illustrate the calculation of the coefficient of variation.
Consider two datasets representing the monthly sales of two stores:

Store A: Mean = $10,000, Standard Deviation = $2000.
Store B: Mean = $15,000, Standard Deviation = $3000

• CV foe the store A = (2000 / 10,000) * 100 = 20%

• CV foe the store B = (3000 / 15,000) * 100 = 20%

In this example, both stores have the same coefficient of variation of 20%. It
indicates that the relative variability or dispersion of sales is the same for both stores,
even though Store B has a higher mean and standard deviation compared to Store A.

A lower coefficient of variation indicates less variability relative to the mean, while
a higher coefficient of variation suggests greater relative variability.
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Chapter 3

Spatial Statistics: A GIS 
Methodology to Investigate 
Point Patterns in Stroke Patient 
Healthcare
Joanne N. Halls, Barbara J. Lutz, Sara B. Jones 
and Matthew A. Psioda

Abstract

Stroke is the leading cause of major disability and the fifth leading cause of death 
in the United States. Stroke incidence across the U.S. is not uniform where the south-
eastern states, known as the “Stroke Belt”, have historically higher rates. Importantly, 
while the national average death rate due to stroke has been declining, the death rate 
in the Stroke Belt (from 2013 to 2015) increased 4.2% overall and 5.8% within the 
Hispanic population. Healthcare interventions have been designed to improve acute 
stroke care, but they are less prevalent in addressing post-acute care needs of stroke 
survivors. Therefore, this chapter will describe the results of a recent study that inves-
tigated patterns in post-stroke care using a sequence of geospatial statistics. Through 
this investigation, the reader will learn the sequence of Geographic Information 
System (GIS) techniques appropriate to use when studying complex spatial patterns.

Keywords: geospatial statistics, point patterns, drive time, GIS, healthcare data, stroke, 
North Carolina USA

1. Introduction

Stroke is the leading cause of major disability and the fifth leading cause of death 
in the U.S. [1]. Stroke incidence across the U.S. is not uniform. The southern states 
of Arkansas, Louisiana, Mississippi, Alabama, Tennessee, Georgia, South Carolina, 
and North Carolina are known as the “Stroke Belt” where there are historically higher 
rates [2]. Importantly, while the national average death rate due to stroke has been 
declining, from 2013 to 2015 the death rate in the Stroke Belt has increased 4.2% 
overall and 5.8% within the Hispanic population [3]. In North Carolina the average 
death rate from stroke is 84.6 deaths per 100,000 (age 35 and up, all races/ethnicities, 
both genders, 2014–2016) while the national average is 73.3 per 100,000. However, 
this average death rate does not tell the full story of stroke in North Carolina because 
the rate of death due to strokes varies substantially where 5 rural counties experience 
the lowest rates between 51 and 60 per 100,000 people compared with 21 counties 



Recent Advances in Biostatistics

24

with 100 to 190 per 100,000 people (Figure 1). Specifically, 68 out of the 100 North 
Carolina counties have stroke death rates above the national average [5]. This high rate 
of stroke and high variability across the state has led to researching the differences 
between these locations to identify if there are reasons for such variability in stroke 
death rates.

Interventions, such as timely administration of intravenous tissue plasminogen 
activator (IV tPA) or mechanical thrombectomy, have improved stroke patient 
outcomes in acute care [6]. However, evidence-based interventions to optimize 
post-acute stroke recovery and address recurrent stroke after discharge have not 
been widely implemented. Several Transitional Care (TC) models have been 
designed to reduce care fragmentation and improve post-discharge outcomes [7]. 
The Comprehensive Post-Acute Stroke Services (COMPASS) study evaluated an 
evidence-based TC model, which included early telephone follow-up and an in-
person clinic visit, compared with usual care in a cluster-randomized pragmatic trial 
in 40 (out of 110) hospitals in North Carolina [8, 9]. Average attendance at follow-up 
clinics in the intervention group was 35% and ranged from 6 to 70% across the 19 
hospitals that implemented the intervention [8]. This variability in attendance at 
follow-up care led to this geographic study that investigated where attendance was 
highest and lowest and the relationship with drive time from patients’ homes to the 
follow-up clinics.

2. Data and methods

We spatially compared where patients lived, drivetime to their assigned follow-up 
clinic, the Area Deprivation Index from the Health Innovation Program [10] and the 
designation of urban versus rural from the United States Department of Agriculture. 
It was hypothesized that (1) the further a patient lived from the clinic the less likely 
they would attend the follow-up visit; (2) higher area deprivation would correlate to 

Figure 1. 
Stroke death rate, per 100,000 people aged 35+, all races/ethnicities, all genders, 2014–2016. Data source: Centers 
for Disease Control, Interactive Atlas of Heart Disease and Stroke [4].
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lower attendance at the clinic; and (3) urban clinics would have a higher attendance 
rate than rural clinics. Results from this geospatial statistical analysis could yield 
insights into the variability of stroke death rates across North Carolina and lead to 
improvements in patient access to follow-up care.

2.1 Geocoding address data

Studies have shown that implementing a Geographic Information System (GIS) 
can provide spatial data analytics for identifying areas with less access to care and 
therefore potential health care disparities [11]. Additionally, by spatially referencing 
a variety of data layers, functions such as map overlay to identify areas that intersect 
between spatial layers can be utilized which can lead to statistical comparison among 
the varied spatial layers. For example, overlaying drinking water sources (public sys-
tem versus well water), agricultural use of pesticides, and prevalence of Parkinson’s 
Disease (PD), has identified a link between well water and PD in California [12]. To 
begin the GIS process, non-spatial data need to be converted into a spatial data set. 
Several data sets, consisting of hospital, clinic, and patient data, were geo-referenced 
using the World Geocoding Service within ArcGIS 10.7.1. These data included 19 
hospitals that participated in the intervention study, affiliated hospital clinics where 
patients were assigned for follow-up care, and patient data collected between July 
2016 and March 2018.

Geocoding was performed on the physical addresses of hospitals and clinics as 
well as residential addresses of study participants. Geocoding is an iterative process 
that compares an address with a reference base map to estimate a spatial location for 
the address. To perform the geocoding, the first step is to import the address data 
into a geodatabase table and then parse the addresses into several components (e.g. 
address number, direction prefix, street name, direction suffix, city name, and zip 
code) using the Address Locator, tool which is an important step to compare these 
components with the reference base map [13]. Next, search criteria are defined and 
then the data are batch processed to compare them with the base map. This results in a 
match score for each address record. The search criteria define how spatially accurate 
the resulting locations will be. For example, one can specify to match a record if the 
city and zip code match or, for greater precision, if the address number, direction 
and street name also match. These criteria can greatly impact the resulting spatial 
accuracy of the output point data and therefore care must be taken when applying 
the search criteria. In this example, we specified the most stringent criteria in order to 
have the highest spatial accuracy of the output point data.

All records that can be matched using the criteria and the reference base map are 
given a match score that reflects the quality of the output data. It is important to check 
all output points that have a match score less than 100% because these points could 
have multiple matches to the reference map or other issues, such as a location at a 
large complex or a typographical error in the format of the address data. An example 
of a typographical error is the slight misspelling of a street name. When this occurs, 
the user much check all results with a score that is less than 100%, correct any errors 
with the address, and then re-run the geocoding to obtain a final result. If the address 
data have a substantial number of inconsistencies, it is best to reformat all of the data 
and then perform the geocoding process rather than iteratively fix each error and this 
will improve the spatial accuracy of the resulting point data [14].

In this study, hospitals, clinics and patient records were geocoded, iteratively 
checked, and final point data were derived. Of the 2689 patient records only 5 (0.2%) 
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were not able to be geocoded because the patients were listed as homeless or had an 
invalid address. Many addresses were initially unable to be geocoded due to errors in 
the address data. This is very common with address data because of the many oppor-
tunities to enter incorrect data. Therefore, as discussed above, it is critical to employ 
extensive quality control and assurance procedures during data collection and to 
correct address data prior to initiating the geocoding process. Because some patients 
resided outside the study area, i.e., beyond 50 miles of the North Carolina border, 
these records were removed from further analysis, which resulted in 2615 (or 97.2%) 
of the geocoded sample residing within the study area. Due to patient confidentiality, 
we cannot illustrate the point results from the geocoding of the patient data; hospital 
and clinic locations are shown in Figure 2, which demonstrates the conversion from 
address data to point locations.

2.2 Computing shortest path and drive time

Drive time is commonly used as a metric of geographic accessibility of health care 
services [16, 17]. Due to design of the study intervention, the patients were assigned 
to the follow-up clinic that was affiliated with the hospital where they received their 
acute stroke care, which may not have been in close proximity to where they lived due 
to wide catchment areas of acute stroke hospitals. Since where patients live was not 
considered, in some cases the patients were not assigned to the closest clinic. Patient 
addresses, therefore, were linked with their assigned clinic. This is an important 
aspect to this study because in most geographic analyses the closest, or shortest dis-
tance, is used as a measure of nearness, but in this case, the closest clinic may not have 
been the clinic the patient was assigned to. This is an excellent example ensuring the 

Figure 2. 
Hospitals and clinics in the North Carolina, USA, study area. Hospitals were designated as control and 
intervention. Patients seen at the Intervention (N = 19) hospitals were given custom care plans and assigned to 
clinics for follow-up care. Inset A is the Raleigh area and insets B and C are the Charlotte area. Also shown (in 
orange) are Joint Commission Certified primary or comprehensive stroke hospitals that did not participate in the 
study [15].
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structure of the data and the study context guide appropriate use of spatial statistics 
and the interpretation of the resulting nearness or other spatial statistics results.

Open StreetMap (https://www.openstreetmap.org/#map=4/38.01/-95.84) and 
ArcGIS Network Analyst (https://www.esri.com/en-us/arcgis/products/arcgis-
network-analyst/overview) were used to compute the shortest drive time from 
each patient’s residence to their assigned follow-up clinic. To perform the drive 
time calculation recall that we considered all patients within North Carolina as well 
as patients that were within 50 miles of the border. Therefore, it was necessary to 
download the Open StreetMap data for North Carolina, South Carolina, Tennessee, 
and Virginia, import these into ArcGIS, and then build a comprehensive network 
dataset for all these state road networks. Once the network was built, the patient and 
clinic data were used as “origin” and “destination” data in performing the shortest 
drive time calculation. Additionally, the shortest drive time to the nearest clinic was 
also calculated to identify the number of patients who were not assigned to the closest 
clinic and to identify if the spatial patterns differ when comparing closest versus 
assigned clinic. Using the average drive time, zones around each follow-up clinic were 
computed using Network Analysis to derive service areas, which can then be used to 
identify underserved areas.

Lastly, Analysis of Variance (or ANOVA) was used to test whether drive time 
and visitation rates differed between urban and rural areas and cross tabulation and 
Pearson’s Chi Square were used to compare the rate of attendance at the clinic and 
drive time to assigned versus closest clinic.

2.3 Spatial statistical analyses

There are a variety of GIS methods to identify spatial clusters and relationships 
among several data layers. Importantly, the methodology should follow a series of 
steps to establish the neighborhood distances between observations that are valid 
for each unique study area [18–25]. Therefore, we computed both global and local 
spatial statistics to systematically assess the degree of spatial clustering. First, the 
Moran’s I spatial autocorrelation statistic was tested using the patient location and 
shortest drive time to determine if they were spatially clustered. Next, we performed 
an Average Nearest Neighbor (ANN) calculation, which measures the degree of 
clustering using distances between neighboring locations. The ANN statistic is 
useful for confirming the spatial autocorrelation results from Moran’s I and gives 
a measure (distance) of the amount of clustering. Importantly, when calculating 
the ANN statistic, you must include the size of the study area (in this case it was 
127,605,669,275 m2) otherwise the statistic will use the size of the bounding box of the 
dataset and will likely overestimate the size of the study area which can dramatically 
alter the results. Once global clustering has been measured using the Moran’s I and 
ANN, we then computed a local spatial cluster analysis (local Moran’s I) to identify 
where the clusters are located. This technique identified several types of clusters: 
(1) the location of clusters with low values (shorter drive time), (2) the location of 
clusters with high values (longer drive time), and (3) cluster outliers where clusters of 
low values are surrounded by high values and vice versa where clusters of high values 
are surrounded by low values [26].

Regression analysis is used to look for relationships among independent, or 
explanatory, variables and a dependent variable. With spatial data we can use 
Ordinary Least Squares (OLS) Regression to identify an overall pattern in the data 
and Geographically Weighted Regression (GWR) to identify regression equations at 
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the local level, or each spatial unit such as a county, Census Tract, or other enumera-
tion unit. In this study we used demographic data, the Area Deprivation Index, and 
access to community resources as independent variables and attendance rate at the 
follow-up clinic as the dependent variable. In North Carolina there are 100 counties, 
1410 Census Tracts, and 6155 Block Groups with an average size of 22.6 sq. km. In the 
regression analysis, we used Census Block Groups which enables the highest granular-
ity of resolution.

OLS is a multiple regression technique that identifies the strength of the 
relationships (both positively and negatively) between the independent variables 
with the dependent variable (rate of attendance at the follow-up clinic visit). First, 
all independent variables are tested and if any are colinear then they are iteratively 
removed from the analysis until a result can be achieved that has no multicollinear-
ity problems. From this shorter list of independent variables, the GWR technique 
is used to identify local weights (importance) for each independent variable and 
to derive unique regression equations for each location. The GWR technique uses 
a local/neighborhood approach to computing multiple regression. Unlike OLS 
regression which looks at the entire dataset as a whole, the GWR method uses a 
neighborhood around each location (e.g. Block Group) to compute a regression 
equation. Therefore, all independent variables were tested and those that did not 
violate the rules of regression were included in the development of GWR models. 
The benefit of GWR is the ability to identify the importance of the independent 
variables across the study area. For example, in some areas drive time may be more 
important compared to other areas where demographics (e.g. age or race/ethnicity) 
may be more related to the attendance at follow-up clinics. The GWR technique 
enables the identification of spatially significant differences across the study area, 
rather than traditional multiple regression that looks at the entire dataset as a 
whole. GWR has been used in many disciplines including health studies to inves-
tigate the spatial patterns of diseases [27–29]. It is best to run many GWR trials to 
identify the highest performance based on the combination of independent vari-
ables. One of the most important decisions in the use of GWR is the bandwidth, or 
the calculation of the number of neighbors around each observation. This decision 
is important because it will determine the number of observations used in each 
unique local regression equation. The bandwidth can be a fixed distance or, so 
that all observations use the same neighborhood size, it can vary across the study 
area depending on the geographic distribution of observations. The corrected 
Akaike Information Criterion (AICc) identifies the optimal distance and the Cross 
Validation (CV) identifies the optimal number of neighbors. One can also use the 
distance identified from the ANN results. Because the bandwidth distance is so 
important in the derivation of local regression equations, we recommend testing 
all three approaches and using the one that yields the best results.

In this study, 1523 Block Groups with patients were included since the dependent 
variable was attendance at the follow-up clinic. Unlike other studies, such as studies 
based on Census data where there is complete geographic coverage, in this study there 
were gaps in coverage and the distance between neighboring polygons varied because 
of the large study area. Therefore, the size of the neighborhood was defined using 
the cross-validation approach where the optimal number of neighbors was defined 
locally. A well-specified model will have randomly distributed over and under predic-
tions (residuals) of the dependent variable (attendance at follow-up clinic). If there 
is clustering in the over and under predictions (residuals), then it is likely that the 
model is missing at least one key variable.



29

Spatial Statistics: A GIS Methodology to Investigate Point Patterns in Stroke Patient Healthcare
DOI: http://dx.doi.org/10.5772/intechopen.1001922

Next, Grouping Analysis, which is similar to Principal Component Analysis, is a 
method that is used to look for an overall spatial pattern, especially when there are 
many variables, with the goal of identifying statistically significant clusters in space. 
The Grouping Analysis technique uses the K-means statistic to identify the indepen-
dent variables within each group that are as similar as possible while also identifying 
groups that are as different as possible. The most important variables identified 
through the regression analysis were used in the Grouping Analysis to identify the 
statistically significant groups within the study area.

3. Results

3.1 Drive time analysis

The average drive time from patients’ residences to assigned clinics was 24 (± 
25 minutes Standard Dev) with a minimum of 0.75 to a maximum of 360 minutes. A 
majority, 94%, had a drive time less than 1 hr. and 74% were less than 30 minutes. The 
global Moran’s I spatial autocorrelation statistic, which compared the patient location 
and drive time, identified that the data were significantly clustered with a z-score of 
4.289 (P-value = 0.0000). Given the Moran I results, the next spatial statistic test, the 
Average Nearest Neighbor (ANN), also had highly significantly clustering with a z-score 
of −35.742 (P-value = 0.000). Given these results, we then computed a spatial cluster 
analysis, the local Moran’s I, to identify where the clusters were located (Figure 3). These 
results identify where there are high clusters (longer drive time), low clusters (shorter 
drive time), and the outliers of high/low clusters (higher drive time surrounded by lower 
drive time) which were more prevalent than low/high clusters.

Figure 3. 
Drive-time spatial cluster analysis (Local Moran’s I) showing locations of high clusters (longer drive time), low 
clusters (shorter drive time), and outliers where low drive time clusters are surrounded by high drive time and 
high drive time clusters are surrounded by low drive time.
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The average rate of attendance at the follow-up clinics was 35% (range was 6 to 
70%) and the average drive time for those who attended the clinic was significantly 
less at 19 minutes versus those who did not attend at 23 minutes (P = 0.005). Given 
this significant relationship, we can compare the rate of attendance at the follow-up 
clinic with drive time by deriving drive time zones around each clinic using the aver-
age drive time for each clinic (Figure 4). We can see that some clinics have a much 
longer average drive time for those who did not attend the follow-up clinic shown in 
red on the map. Additionally, the larger average drive time (large zones on the map) 
tend to also have the lowest visit rate (smaller yellow marker size). Conversely, the 
smaller drive time zones had larger attendance rates. These relationships are not 
ubiquitous, but they are significant. What this type of mapping reveals is the impor-
tance of investigating the spatial patterns in data rather than solely relying on global 
statistics.

The drive time portion of the study concluded that there are locations of signifi-
cant clusters of shorter and longer drive times and that shorter drive time was signifi-
cantly related to higher rates of attendance.

3.2 Regression analysis

There were 18 independent variables tested to determine which are associated 
with attendance rate at the follow-up clinic (the dependent variable). Table 1 contains 
the list of independent variables, sorted by decreasing importance, as indicated 
by the overall significance, the direction of the association (positive or negative), 
the Variance Inflation Factor (VIF) which indicates multicollinearity, and the list 
of covariates, or variables that are colinear and are potentially providing the same 
information. Since the goal of regression analysis is to include variables that explain 
a unique aspect of the dependent variable it is wise to remove redundant variables. 
One way of deciding which covariates to select is to use the variable with the strongest 

Figure 4. 
Average drive time for patients who attended the follow-up clinic (blue hatch) versus those who did not attend the 
clinic (red) as well as the rate of attendance (yellow graduated circles). Most locations had a higher attendance 
rate with shorter drive times (P = 0.005).
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positive or negative relationship as well as remove, one at a time, the variables with 
VIF greater than 7.5 and then re-run the OLS to check the results. In this iterative way 
the most important explanatory variables are identified.

The strongest independent variables were average drive time, number of caregiv-
ers, not-Hispanic, ADI, rural, and average age. As expected, drive time was very 

Variable Significance (%) Negative (%) Positive (%) VIF Covariates*

Average 
drive-time

100 100 0 1.25

Rate of caregivers 100 0 100 1.88

Not hispanic 93.59 0 100 19.19 White, Urban Area, 
Urban Cluster, Rural, 

Black

ADI 85.59 1.56 98.44 1.26

Percent rural 77.77 0 100 296.73 Urban Area, Urban 
Cluster, Not Hispanic, 

White, Black

Average age 75.15 94.39 5.61 1.11

Percent white 55.7 22.49 77.51 355.46 Not Hispanic, Black, 
Urban Area, Urban 

Cluster, Rural

Percent black 48.87 5.05 94.95 101.36 White, Not Hispanic, 
Urban Area, Urban 

Cluster, Rural

Percent urban 
area

36.62 30.4 69.6 194.63 Rural, Urban Cluster, 
Not Hispanic, White, 

Black

Density of 
community 
resources

35.31 22.3 77.7 1.91

Percent unknown 
race

34.95 92.34 7.66 3.59

Percent within 
urban cluster

28.53 52.31 47.69 196.62 Rural, Urban Area, Not 
Hispanic, White, Black

Percent Hispanic 26.09 13.67 86.33 1.84

Percent multi-race 24.09 0 100 2.84

Percent Asian 11.66 80.28 19.72 1.54

Percent native 
American

6.2 43.58 56.42 4.43

Percent other race 4.7 39.13 60.87 6.31

Percent Pacific 
Islander

0.14 8.93 91.07 1.29

Negative and Positive indicate the relationship between the independent and dependent variable (attendance at the 
follow-up clinic). Variance Inflation Factor (VIF) indicates multicollinearity where the higher the value the greater 
collinearity.*Covariates are listed in decreasing importance/strength.

Table 1. 
List of Ordinary Least Squares regression results where the independent variables are listed in order of decreasing 
significance.
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strongly negatively related to attendance and having caregivers was very positively 
related to attendance (both 100%). The strongest race/ethnicity variable was the 
percentage of the patients who were not Hispanic which was positively related to 
clinic attendance and many of the race/ethnicity variables covaried. Interestingly, 
ADI was positively related to attendance which was unexpected because higher ADI 
means the area is more deprived. The next strongest variable was percent rural, and 
it was also positively related to the attendance which indicates that patients who lived 
in rural areas were more likely to attend the follow-up clinic. As expected, average age 
was negatively related to attendance which means older patients would be less likely 
to attend the follow-up. The remaining independent variables were substantially less 
related to attendance (less than 56%).

OLS regression gives us the overall relationship between independent and 
dependent variables, but when you have a large study area with potentially different 
geographic influences, the GWR can provide insight into the varying importance 
of independent variables. Therefore, GWR was tested with many iterations of the 
independent variables to identify the combination that yields the most significant 
results but also low multicollinearity.

There are a series of steps one should take to interpret GWR results. First, in this 
study, the cross-validation method for determining bandwidth size resulted in an 
average of 55 neighbors which is a relatively small neighborhood around each obser-
vation/Block Group considering there were 1523 Block Groups. This is an excellent 
result because it informs us that local analysis is providing information about the 
significance of independent variables. Conversely, if the CV method resulted in a 
much larger number of neighbors, perhaps 500, then that would suggest a much 
larger geographic area should be used to derive the regression equations for each 
Block Group. Additionally, GWR performs best when you have a large number of 
observations because the analysis will have enough nearby observations to create a 
unique regression equation.

Next, an investigation of the residuals informs us as to whether the local regres-
sion equations are using observations that are close to the mean, or close to the 
regression line. In this study, only 154 block groups (10.1%) had standardized 
 residuals greater than or less than 1.5 standard deviations, so most of the Block 
Groups (89.9%) had regression equations that predicted the dependent vari-
able (attendance at the clinic) close to the mean. The Moran’s I test for spatial 
autocorrelation confirmed that the GWR residuals were randomly distributed 
(z-score = 0.0.955875), or not clustered, which means the local GWR did not have 
obvious missing variables.

The Condition Number is used to test for local multicollinearity, where values 
above 30 may have unreliable results. None of the Block Groups had Condition 
Numbers above 30. Given the Moran’s I and Condition Number results, the local 
R2 values indicate where the GWR equations fit the dependent variable (Figure 5). 
The areas highlighted in blue (0.338 to 0.5) indicate places where the local regres-
sion equations are not explaining as much of the variance in comparison to the 
areas in light and dark red (0.601 to 0.784) where there were very high regression 
results indicating equations that contain sufficient variables to predict attendance. 
To test whether the local R2 results were randomly distributed, a Moran’s I Spatial 
Autocorrelation test had a z-score of 139.79 (p-value = 0.01) which is very high 
(greater than 2.58 is significant) indicating that the pattern was significantly clustered 
and therefore the GWR R2 results are reliable.
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Given the good condition number, Moran’s I and R2 results, the next check is to 
see where the predicted attendance differs from the observed attendance (Figure 6). 
Only 60 Block Groups (3.94%) under predicted the attendance by 1 or 2 people 
and only 43 Block Groups (2.82%) over predicted by 1 or 2 people. To test whether 
the difference between predicted and observed was clustered, the Moran’s I Spatial 
Autocorrelation test had a z-score of 1.082583 indicating that the pattern is not 
significantly different from random (P = 0.278993). Given that more than 93% of 
the Block Groups predicted attendance within 1 person of the actual attendance, 

Figure 5. 
Local R2 results from geographically weighted regression analysis.

Figure 6. 
Results from Geographically Weighted Regression (GWR) where observed attendance at the follow-up clinic 
was subtracted from predicted attendance. Areas in yellow (93%) had the same predicted attendance as actual 
(observed), areas in green had fewer predicted (4%) than actual and areas in red (3%) had more predicted than 
actual.
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we concluded that the variables included in the GWR analysis were able to predict 
attendance at the follow-up clinic.

Given the high local R2, excellent predicted versus observed results, and random 
standardized residuals, the next step was to investigate where each independent 
variable was important across the study area by the strength of each coefficient. For 
each Block Group, we identified the top three variables with the greatest contribu-
tion (largest coefficients) and most negative coefficients (Figure 7). The density of 
Community Resources had both a strong positive relationship with attendance in the 
south-central (Pinehurst area) and western regions (Figure 7A) and a negative rela-
tionship in urban (Charlotte and Raleigh) and eastern areas (Figure 7D). The number 
of people with multiple races had the largest and second largest positive variables in 
many areas. In the Raleigh and eastern areas, the second most positive influence was 
having a caregiver (Figure 7B). Recall that the OLS results indicated that having a 
caregiver was one of the most important variables and the GWR analysis corroborates 
this relationship and illustrates where this is important.

Figure 7. 
Geographic weighted regression results where the largest positive (A, B, and C) and negative (D, E, and F) 
independent variables for each Census Block Group. A is the largest positive coefficient, B is the 2nd largest and 
C is the 3rd largest coefficient. Independent variables also had a negative relationship with attendance at the 
follow-up clinic where D had the largest negative coefficient, E is the 2nd largest negative coefficient and F is the 
3rd largest negative coefficient.
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The multi-race characteristic was consistently a positive variable in the Charlotte 
and Pinehurst south-central areas (Figure 7A–C). In the far eastern part of the 
study area, being black was the 3rd highest positive coefficient while in the western 
area being black had a negative relationship with attendance at the follow-up visit. 
Interestingly, given the importance in the OLS results, the “not Hispanic” indepen-
dent variable was not a 1st positive variable, but was very important in the 2nd and 
3rd most positive variables and most dominant in the western part of the study area. 
This illustrates the importance of performing GWR to find where the independent 
variables are most important.

Similar to the OLS results, drive time was a consistent and important negative vari-
able where the longer drive times had lower rates of attendance at the follow-up clinic 
visit, but in the 2nd and 3rd coefficient. Similarly, average age was a strong negative 
variable in the western area, where being older correlated with being less likely to attend 
the clinic visit. Lastly, the only area where being rural negatively related to attendance 
was in the eastern area. ADI, which was a strong positive variable in the OLS regression 
analysis, was a negative variable in the GWR analysis. This is the expected relationship 
and was only important in 202 Block Groups (13%) in the Charlotte region.

3.3 Grouping analysis

Given the identification of the importance, both positively and negatively, of 
the independent variables used in the regression analysis, the next step was to use 
the independent variables to create spatial clusters, or groups, where each group has 
shared similarities among the independent variables. Grouping Analysis identified 
3 statistically significant groups (Figure 8). Like an unsupervised classification in 
remote sensing, the groups were identified, but we need to identify what these groups 
represent. Using the list of variables and their values within each group, the following 
characteristics defined each group:

Figure 8. 
Grouping analysis identified 3 groups across the study area, where N is the number of Block Groups. Group 1 had 
short drive time, high density of community resources and low ADI. Group 2 had average drive time, low density 
of community resources, very high number of caregivers, and above average ADI. Group 3 had very long drive 
time, low density of community resources, and above average ADI.
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1. Group 1 (N = 615 Block Groups): urban, short drive time, very high community 
resources, and below average ADI. This group had an average attendance rate of 
33% and is considered less vulnerable given these results.

2. Group 2 (N = 157): rural, average drive time, very low community resources, 
very high number of caregivers, not Hispanic, and above average ADI. This group 
had an average attendance rate of 42% and is considered moderate vulnerability 
because of these results.

3. Group 3 (N = 751): is rural much like group 1, but has very long drive time, low 
community resources, average number of caregivers, and above average ADI. 
This group had an average attendance rate of 33% and is considered highly 
 vulnerable because of the results in this group.

Therefore, even though these are statistically significant groups, the rate of attendance 
is not dependent on these characteristics alone and care should be taken to not generalize 
too much and instead focus on the GWR results that provide spatially explicit variables 
of importance. The importance of the groups presented here is for comparing with the 
GWR and other results to identify areas of vulnerability, such as Group 3, and then design 
targeted strategies to improve patient care, especially in the most vulnerable groups.

4. Discussion

This chapter has outlined a workflow for identifying patterns in point data (cluster 
analysis) and identifying spatial relationships between independent and dependent 
variables through regression analysis. The example study has identified the relation-
ship between attendance at stroke care follow-up visits and drive time, ethnicity, and 
other social characteristics. These characteristics vary in space, geographically, where 
they are more positively or negatively related to clinic attendance and these results 
confirm that race and ethnicity are important factors [30–32]. Geographic variability 
in social characteristics has been related to health outcomes in previous studies. For 
example, one study found that accessibility to pharmaceutical products is directly 
related to varying social characteristics [33] and another study found disparate 
resources between urban and rural nursing home facilities [34].

Drive time varied significantly across the study area and was directly related to 
attendance at the follow-up clinic. These results are comparable to other studies that have 
shown the direct relationship between health care use and accessibility [16, 32, 35].

Cluster and Grouping Analysis identified statistically significant locations of 
social characteristics as related to attendance at the follow-up visit. Other studies 
have used similar cluster analysis techniques [18, 21–23, 36–39] and research is being 
conducted to develop new methods of cluster analysis [22]. As with all studies that 
use GWR, it is important to review the results to identify places where the regres-
sion equations have lower results (e.g. R2, residuals, and over and under predictions) 
because these indicate places where the local regression equations are not explain-
ing the variance in the input data. In this study, 65% (982 out of 1523) of the Block 
Groups had R2 greater than 0.5, which is very high for GWR analysis, but this also 
means 35% of the variance was not explained so future work could investigate these 
areas further to try and identify missing variables that may improve the explanation 
for attendance at the follow-up clinic.
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Using GWR, we identified 10 important variables in the prediction of attendance 
at follow-up clinic visits. The unique equations for each Census Block Group have 
coefficients/weights for each variable and these weights varied across the study area. 
Other studies have used GWR to identify spatially varying patterns in health [27–29]. 
Building on the results from this study, the coefficients for the 10 independent 
variables were applied across the study area using spatial interpolation and then com-
bined to create an overall Index of Vulnerability (Figure 9). This approach highlights 
areas with higher z-scores, higher vulnerability, in the eastern part of North Carolina 
and in the Charlotte area, with respect to attending a clinic follow-up visit. Future 
work could address these areas and the variables identified in the local GWR analysis 
to focus health care interventions.

5. Conclusions

The strategy and use of spatial statistics outlined here provides a framework 
for others to use as they investigate spatial patterns in data. There are many other 
approaches, such as geostatistical analyses that interpolate surfaces (e.g. kriging), 
thus the approach described here is in no way comprehensive, but is one strategy that 
logically progresses through a series of data analytic strategies to identify statistical 
patterns in vector-based geographic data. Given the relatively low rate of attendance 
at follow up clinics and geographic variability across the study area, this study 
identified several factors that are related to attendance (e.g. drive time, presence of 
a caregiver, presence of community resources). However, as with most geographic 
studies, future research is needed to further investigate additional factors that may 
relate to patient attendance because some parts of the study area had relatively low 
explanatory power. These results complement the overall results described in previous 
research [8, 40, 41] as well as other studies that have also concluded that health care 
access is directly related to proximity [16, 17, 20]. Given that this study also identified 

Figure 9. 
Statewide index of vulnerability derived using GWR weights. Areas in blue have very low z-scores, negative 
standard deviations and low to very low vulnerability. Conversely, areas in orange and red have positive standard 
deviations, high z-scores, and high to very high vulnerability.
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drive time as one of the most important factors for clinic attendance, we recommend 
that hospitals take into consideration where patients live when they assign follow-up 
care. This could be accomplished by creating a regional system of integrated stroke 
follow-up clinics that would allow patients to receive stroke-specific follow-up care 
at a clinic that is closest to where they live regardless of hospital affiliation. This is 
especially important in urban areas where there may be several clinics to choose 
from. Several European countries have successfully implemented regional integrated 
healthcare delivery networks. With this approach, the nurse care coordinator could 
automatically compute drive-time, discuss the routing results with the patient, and 
provide them a list of clinics including the estimated drive time, enabling the patients 
a choice of follow-up clinics. Providing follow-up care by telehealth is another option 
especially as accessibility to reliable broadband technology continues to improve [42]. 
These strategies may improve the rate of attendance at follow-up clinic visits and 
would be more patient-centric than the current hospital-centric approach to stroke 
care in the U.S.
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Chapter 4

Statistical Model for the Quality of 
Panoramic Images of 2D Artifacts
Ajith Wickramasinghe and Anusha Jayasiri

Abstract

The field of digital imaging emphasizes the quality of 2D artifact images, often 
facing challenges when capturing large images due to their wide field of view. A 
successful technique for addressing this is panoramic image creation, which involves 
merging overlapping segments from a larger image. Research in this domain focuses 
on understanding the visual quality aspects of panoramic images. This study aims to 
achieve two main objectives: firstly, to identify the key visual quality attributes associ-
ated with panoramic images, and secondly, to propose predictor variables for a statis-
tical model that assesses the quality of 2D artifact panoramic images. To accomplish 
this, the researchers conducted a case study centered on generating panoramic images 
of mural paintings found in Sri Lankan temples. Through their investigation, they 
pinpointed color balance and noise & distortion as the most significant factors influ-
encing the overall quality of these images. The researchers employed three methods to 
create the panoramas: an innovative technique, alongside two established methods—
Photoshop and Hugin. Experts in Visual Arts evaluated the resulting images using a 
four-point Likert scale. Color balance and noise & distortion were used as predictor 
variables, while overall quality was the response variable. The gathered data under-
went analysis using ordinal logistic regression within the Minitab statistical package. 
The outcomes underscored the pivotal roles of color balance and noise & distortion 
in determining the quality of panoramic images. Moreover, the findings showcased 
the model’s high accuracy in fitting the data, reinforcing its effectiveness in assessing 
panoramic image quality.

Keywords: quality attributes, color balance, noise and distortion, 2D artifacts, 
panoramic images

1. Introduction

It was identified that there are less amount of research works in Sri Lanka in the 
area of digitization of 2D artifacts for conservation. It was able to find out a report 
written by Schmid [1]. It talks about the main points such as the mission back-
ground & the objectives, identification of issues and draft strategy for conservation. 
According to the report, it had been mentioned that Central Cultural Fund (CCF) 
and Department of Archeology (DOA) requested international expert in conserva-
tion for the evaluation of the condition of Sigiriya Paintings in Sri Lanka. The report 
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presents about the discussion of main issues of Sigiriya paintings such as lack of 
documentation, need for monitoring, creation of a permanent record through 3D 
laser-scanning, Protection against rainwater, preliminary scientific investigation and 
documentation, emergency stabilization, construction of new visitors’ platforms and 
reduction of number of visitors to the painting pocket. It is proposed some actions 
and precautions to rectify above issues. Digitization of all existing written and visual 
documentation and creation of simple computer repository of the existing docu-
mentation were proposed as some of the actions for above issues in the area of digital 
technology [1]. Quality aspect of the digitization process is an important research 
area. There were different notions related to image quality in the past. In response 
to the lack of a unified view on image quality, considerable effort was dedicated to 
imposing structure on the existing concepts. This led to the development of image 
quality theory, which was first introduced in 1988 [2]. Originally conceived as a four-
way approach, this theory has evolved into what is now known as the “image quality 
circle.” This robust framework effectively organizes the diverse range of ideas that 
contribute to the understanding of image quality. As a result, it serves as a valuable 
process model, streamlining and directing research, product development, market-
ing, and technology-related endeavors. The image quality circle can be diagrammati-
cally shown as shown in the Figure 1.

There are four major components in this circle and those components are linked 
via one another by three links called, System/Image Models, Visual Algorithms and 
Image Quality Models. Technology Variables encompass the fundamental elements 
that can be controlled by imaging designers to alter the existing quality of an image. 
These variables encompass factors such as paper parameters, toner size, dots per inch 
(resolution) and other relevant aspects. Physical Image Parameters are quantitative 
and it can be any measurable aspect of an image. Further, Physical image parameters 
are called objective measures of image quality. One approach is applying the process 

Figure 1. 
Image quality circle.



47

Statistical Model for the Quality of Panoramic Images of 2D Artifacts
DOI: http://dx.doi.org/10.5772/intechopen.1002621

of image quality metrics to measure the quality of the image with reference to the full 
or partial reference of the original image. Structural similarity index matrix (SSIM) 
and peak signal-to-noise ratio (PSNR) are two examples for quality matrix. There is 
no limit for this physical image parameters except that they need to be physical and 
measurable. Customer perceptions are derived with a set of perceptual attributes of 
image quality, mostly visual, that form the basis of the quality preference or judg-
ment by the customer. Some of the examples are darkness, sharpness, and graini-
ness. Quality Ratings to the images given by customers refers to the comprehensive 
evaluation of image quality provided by them based on their judgment. This rating is 
represented on an interval scale, allowing for the expression of overall image quality 
as either a numerical value or a qualitative descriptor, such as “excellent”, “good” or 
“bad”. The authors conducted a research in which they generated panoramic images 
using three different methods: a novel method and two other existing methods. 
Experts in the field of Visual Arts assessed the visual quality of the created images. 
Subsequently, statistical models were developed using the ordinal logistic regression 
technique in the Minitab statistical package. The predictor variables and response 
variables from the collected data set were utilized in the creation of these models for 
the three methods. The results clearly indicate that the statistical model derived from 
the novel method outperformed the other two methods in terms of accuracy. These 
findings demonstrate that two crucial attributes significantly influence the quality of 
panoramic images, as supported by the highly accurate model. As a result, the pro-
posed statistical model can be employed in any application that involves the genera-
tion of digital images with 2D artifacts.

2. Research problem

In the background exploration, it has been identified the importance of 
 conservation of two-dimensional artifacts in the Asian countries [3]. There are two 
notions in this field of research as preservation and conservation of valuable artifacts. 
Preservation involves safeguarding cultural property by implementing measures that 
effectively minimize physical and chemical decline of the damage [4]. Through such 
proactive actions, the loss of informational content can be effectively averted [5]. The 
UNESCO [6] definition says.

“In the domain of cultural property, the aim of conservation is to maintain the 
physical and cultural characteristics of the object to ensure that its value is not dimin-
ished and that it will outlive our limited time span”. The term “digital preservation” 
encompasses a range of methods aimed at ensuring the longevity of digital materials 
well into the future, as stated by the Council on Library and Information Resources 
[7]. This concept focuses on the sustainable management and accessibility of digital 
resources over time.

According to this definition, digital preservation is the management and mainte-
nance of digital objects such as manuscripts, maps, rare books and other significant 
cultural materials. These digital objects can be accessed and used by future require-
ments. Further, it is required to study the theory and philosophy of conservation and 
explore the basis and framework of conservation, restoration, preservation theory 
and practice in the globalized world [8]. Therefore, conservation represents a more 
expansive domain, constituting a dedicated profession aimed at safeguarding cultural 
property for the benefit of future generations. The scope of conservation activi-
ties encompasses several important aspects such as examination, documentation, 
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treatment, and preventive care, all of which are bolstered by extensive research and 
education efforts [5]. This comprehensive approach ensures the enduring preserva-
tion and appreciation of valuable cultural assets.

It is a known fact that there are several types of valuable artworks in Sri Lanka 
which are needed to be conserved for the archeological aspect of next generation. It 
has been observed that various techniques are used for conservation of those artifacts 
in most of the places like Colombo museum, some historical temples in Sri Lanka 
such as Bellanwila Rajamaha viharaya, Kelani Rajamaha Viharaya and Sapugaskanda 
Rajamaha Viharaya. At the analysis of the methods applied for the conservation of 
valuable artifacts in those places, it can be understood that maintaining the quality of 
artifacts is a critical factor. In this context, identification of techniques to study the 
quality will be an important research area. Accordingly, Authors have identified that 
the problem of this research is “Statistical Model for the Quality of Panoramic Images 
of 2D Artifacts”.

3. Literature review

3.1 Literature review on the creation of panoramic images of 2D artifacts

Author was able to critically review several researches done in different countries 
by analyzing the techniques used by them such as panoramic image creation. At 
the analysis, it was found that panoramic image creation is an application of image 
stitching technology [9–12]. Authors have identified that image stitching as the main 
technique of 2D image digitization [13, 14]. Sruthi et al. explain the idea of panorama 
image creation. There are two main techniques for image stitching as direct method 
and feature based method. Further, it talks about the approach and a specific method, 
called scale invariant feature transform (SIFT) for detecting local features in an 
image. After finding local features, overlapping areas are identified. Using dynamic 
programming method, a minimal cost path is selected to stitch images. Here, seven 
steps were used for the process of developing a panoramic image. By cutting at the 
overlapping places, images are merged together to form the final panorama image 
[15]. This research uses a scientific method for creation of a panorama image. Kokate 
et al. present the idea of image mosaicing based on feature extraction. It explains 
the idea of panoramic image production. Two approaches, direct and feature based 
techniques are discussed in this paper. Further, the difference between those two 
approaches are discussed. Components of image stitching are discussed as calibration, 
registration and blending. Steps of feature-based image stitching are discussed in 
detail. This paper talks about two concepts called local feature descriptor and feature 
detector. Accordingly, two techniques for describing local feature descriptor such as 
SIFT and speeded up robust features (SURF) are discussed in this paper by analyzing 
the individual pixels of the images. Harris corner detector is described as a feature 
detector with the technical details. RANSAC algorithm is used as the Homography 
detection algorithm in that research [12]. This research supports to understand the 
idea of local feature descriptor and the techniques for feature detection. It talks about 
two approaches with the comparison of the suitability rather than just applying a 
particular technique. Ultimately, better approach is selected for image stitching. This 
comparison helps Authors to analyze the suitability of a particular technique rather 
than using one technique directly in the stitching process within the research. Wu et 
al. discuss about the applications of SIFT in different fields, such as machine vision, 
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image retrieval and image stitching. This paper systematically analyzes SIFT and its 
variants [16]. Parallax is a displacement or difference in the apparent position of an 
object along two different views. Lens distortion is the appearance of straight lines 
as curved lines inward or outward to the center of the object. Scene motion is the 
visible lines of moving objects in a photograph. Exposure is the amount of light per 
unit area reaching to a frame of a photographic film. Ebtsam et al. present the idea of 
panoramic image creation. It talks about a different aspect, called field of view and 
how it affects for panoramic image creation. As there is a difference of the field of 
view between the human visual system and a typical camera, a requirement arises to 
get several pictures from a camera and stitch them to form a composite image with 
a much larger field of view. This paper aims to provide a comprehensive survey of 
feature-based image stitching. It covers the primary components involved in image 
stitching and presents a framework for a complete image stitching system based on 
feature-based approaches. By exploring these key aspects, this study seeks to offer 
valuable insights into the field of image stitching and its applications.

According to this research, there are many feature descriptors such as SIFT, 
SURF, Histogram of oriented gradients (HOG), Gradient Location and Orientation 
Histogram (GLOH), Principal Component Analysis SIFT (PCA-SIFT), Pyramidal 
HOG (PHOG), and Pyramidal Histogram of Visual Words (PHOW). Some of them 
are described in detail. Finally, the current challenges of image stitching process 
have also been discussed in this paper [17]. This paper uses a methodical approach. 
Actually, it elaborates the concept of feature-based techniques with more details. 
Levin and Weiss introduce the idea of having a quality panorama image by the evalu-
ation of the techniques used for image stitching. Then, it explains how to measure the 
quality of image stitching. The focus of this study lies in two main areas: first, evalu-
ating the similarity of the stitched image to each of the input images, and second, 
assessing the visibility of the seam between the stitched images. To achieve these 
objectives, an approach must be adopted that ensures the stitched image is as similar 
as possible to the input images both geometrically and photometrically, while simul-
taneously ensuring the seam between the stitched images remains imperceptible. This 
dual aspect approach aims to enhance the overall quality and seamlessness of the final 
stitched image.

It had been presented several cost functions for these requirements and define the 
mosaic image as their optimum [18]. Mikolajczyk and Schmid proposed a method 
to compare the performance of descriptors for local interested regions. It was calcu-
lated for different image transformations such as rotation, scale change, view point 
change, image blur, JPEG compression and illumination change. Further, experiment 
was done for the interest region descriptors in the presence of real geometric and 
photometric transformations. At the experiment, GLOW (Gradient Location and 
Orientation Histogram) obtains the best results followed by SIFT [19]. Balntas et al. 
have identified and demonstrated that the existing dataset and evaluation protocols 
regarding the benchmark have led to the inconsistency in results in the literature. So 
they have proposed a new public benchmark for local descriptors. They have men-
tioned that the new benchmark would enable the community to gain new insights 
since it is more significantly large than any existing dataset in the field [20]. Maponga 
presents that the image stitching has a lot of researches in area of medical imaging, 
computer vision, satellite imaging and video conferencing. It talks about two main 
approaches: direct method and feature-based method. Direct approach utilizes all 
the pixels of the image but it has disadvantages such as quite inflexible and greatly 
affected by exposure differences of the same object in different images to be stitched. 
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Furthermore, it is undesirable for real time applications as it performs slowly. 
Feature-based technique performs better depending on what exactly feature-based 
technique was implemented. Several techniques such as SIFT, SURF and PHOW were 
discussed. Advantages and Disadvantages were discussed [21]. Khan et al. Present 
that the concept of Image Mosaicing is currently a vibrant and dynamic research area 
within the realms of computer vision and computer graphics. It encompasses a wide 
array of diverse algorithms focused on detecting and describing features in images. 
These algorithms play a crucial role in the development and advancement of Image 
Mosaicing techniques, contributing to the exploration of new possibilities in visual 
representation and synthesis.

In this paper, it is studied image stitching technique called SIFT algorithm which 
is rotation, scale invariant as well as more effective in presence of noise. However, 
it needs high computational time. Additionally, the paper examines the SURF algo-
rithm, which demonstrates robustness in terms of execution time and illumination 
invariance. Another algorithm explored is ORB, which exhibits rotation and scale 
invariance and boasts improved execution time. However, its performance tends to 
degrade in the presence of noise [22]. Patil and Gohatre present various techniques for 
the process of image stitching under various light conditions. Results obtained show 
that for the day light condition SIFT works better and for night light condition it is 
shown that Harris /Hessian detector performs better than SIFT detector [23]. There 
are different application areas of image stitching such as remote sensing which are 
applied for the domains of agriculture and natural disaster. Further, the application 
of remote sensing images becomes much widespread with the development of satellite 
technology [24].

Williams et al. discuss about post-processing solutions for creating quality digi-
tal images by combining captured portions of objects. Further, some alternative 
approaches such as robotic systems and some linear array scanners that are moved 
through the large images by stitching image components were also discussed. Even 
though they are high accurate, they are high expensive systems. This paper talks 
about digitization environment which affects the post-processing for the stitching 
procedure. Furthermore, it elaborates basic operations for image stitching and some 
software tools that can be used for panorama creation [9]. This paper is more impor-
tant in terms of getting idea for alternative approaches for image stitching. It is really 
important to consider the digitization environment and the software tools which 
can be used for panorama creation in this research. Sarlin et al. have presented a new 
way to think about the feature matching problem. In most of the above applications, 
methods have been used by using local feature detecting and matching for stitching 
technique. But, in this paper, idea has been changed to use novel neural network 
architecture to learn the matching process from pre-existing local features [25].

3.2 Literature review on statistical data analysis: categorical data analysis

Statistics can be used for the analysis of data in the nature of quantitative and 
qualitative. Statistical methods are used by researchers to analyze data, present 
the results and interpret them in the particular domain [26]. Statistical analysis 
is a crucial process behind how we make discoveries in the areas such as science, 
social science. Further, it will lay the foundation to make decisions based on the 
results, and make predictions. This allows us to understand a subject area much 
more deeply. It was researched to identify a suitable method to develop a quality 
model for the panoramic images. Accordingly, regression model in statistics [27] 
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was identified as one of the suitable models. A categorical variable is characterized 
by a measurement scale that comprises a defined set of categories. In this type of 
variable, data points are grouped into distinct, non-numeric categories rather than 
continuous numerical values.

Accordingly data type that can be applied as categorical variable is defined as the 
categorical data [28, 29]. Ordinal variable is one of categorical data type which has 
a natural ordering. Some of the examples are: level of a course (high, medium and 
low), overall quality of an art work (excellent, good, average and poor). Categorical 
data can be analyzed using regression model in statistics. It was researched to identify 
a suitable method to develop a quality model for the panoramic images. Logistic 
regression was identified as a suitable method to find the significance of independent 
and dependent variables of the statistical model [30].

4. Research methodology

This research methodology covers technical details related to five key areas. It 
includes a research of the essential attributes of panoramic images for visual quality, 
the process of capturing mural paintings and creating panoramic images from them, 
the implications of testing panoramic image creations using existing methods, the 
proposal of a new method for panoramic image development, and the subjective 
evaluation of the quality of the created panoramic images. These areas are thoroughly 
discussed within this study.

4.1 Research on quality attributes of panoramic images

Figure 2 illustrates how to create panoramic images by stitching a series of 
 overlapped image components. Image quality (IQ ) models which is set up to quan-
tify the overall image quality usually consist of a sub-set of quality attributes (QA) 
[31–36]. Therefore, the number of selected QAs is a very important step. Therefore, 

Figure 2. 
Steps of research on quality attributes for panoramic images.
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an issue exists between the accuracy of selected quality attributes (QAs) and the 
quantity of available QAs. Additionally, when the model exhibits high dimensionality, 
it leads to a more comprehensive evaluation of image quality (IQ ), encompassing 
numerous aspects but also increasing complexity [37, 38]. On the other side, having 
too few QAs might result in inaccurate estimation of quality. So, selecting the most 
accurate set of QA will be the crucial task in this scenario. Accordingly, Authors 
researched on a set of image attributes that would contribute a quality panoramic 
image output [2, 31, 35–37]. It was well studied the underline theory of creating 
panoramic images, called image stitching. During the literature review, attention was 
drawn to the challenge of fully automated panoramic image stitching, and it discussed 
two categories of techniques prevalent in the research: direct and feature-based 
approaches [39, 40]. These categories represent distinct methods employed to tackle 
the task of seamlessly stitching panoramic images. According to Szeliski, it has been 
explained how the image stitching techniques evolved from the past up to the modern 
level of techniques and what are the millstones in the techniques developments which 
were resulted to enhance the quality of the panorama creation process [10]. It is worth 
emphasizing that the primary challenges associated with panorama creation include 
the presence of seams, the blurring effect caused by parallax, lens distortion, scene 
motion, and exposure variations among the panoramas. This clarification underscores 
the key factors that contribute to the overall quality and potential issues encountered 
during the process of creating panoramas [10, 41]. Based on the investigation, it was 
observed that noise, distortion and color balance emerged as the three primary qual-
ity attributes (QAs) with high significance in the domain of panoramic images [42]. 
Additionally, noise and distortions were found to be closely intertwined, forming 
a combined factor during the evaluation of the visual quality of digital images on 
display. Consequently, for the purpose of evaluation, these two factors were treated as 
a single entity.

4.2  The process of capturing mural painting and developing panoramic images of 
mural paintings

In this process, it was identified the requirement of photo shooting a set of 
historically valued 2D artifacts. Considering the traditional value of the artifacts, 
three temples having large-scale murals were selected for the research as a real-world 
case study. Further, it was ensured to cover different nature of artifacts to avoid the 
homogeneity. Subsequently, it was required to acquire a series of overlapped image 
components of the same image for creation of panoramic images of selected 2D 
artifacts. In this task, there are three different image acquisition methods which are 
covered large-scale mural paintings in the context of panoramic image development. 
There are three distinct setups used for capturing images in panorama creation. In 
the first setup, the camera is mounted on a tripod, and images are acquired by rotat-
ing the camera. On the other hand, the second setup involves placing the camera on a 
sliding plate, and images are obtained by moving the camera along the sliding plate. 
The last setup differs from the previous two setups, as it involves holding the camera 
in a person’s hands. In this setup, images are captured by either rotating around a 
fixed spot or by walking in a direction perpendicular to the camera’s viewing direc-
tion (Figure 3).

In all three set-ups, a still image digital camera or a smart phone embed with digi-
tal camera can be used to capture images. In this case study, majority of 2D artifacts 
which are existing in these traditional temples are in flat shape. Therefore, planner 
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panorama images will have to be developed in this process. Further, authors wanted to 
use a simple approach which can be managed easily in the regular monitoring process 
of the conservation activities. So, third set-up is applied in this research which camera 
is held in a person’s hands and the images are captured by walking in a direction 
perpendicular to the camera’s view direction while ensuring the overlapping image 
components to avoid stitching issues.

4.3  Implications of the testing of panoramic image creations using existing 
methods

The purpose of this testing is to get the idea of developing panoramic images in 
different areas of digital images and the behavior of the final outputs of panoramic 
images with respect to color balance, noise and distortion quality attributes using dif-
ferent software tools. Accordingly, it was designed an experiment for this evaluation. 
Three types of digital images were selected and two types of available software which 
supports panoramic image creation were used for observing the quality and behavior 
of final outcomes. This testing was done for three types of image categories: existing 
2D digital image set, 2D captured digital images set of an artifact and 2D captured 
digital image set of murals. Even though, several software tools were identified in 
the field, majority of them are expensive tools and are not available in the market for 
normal or academic purpose. Accordingly, two software tools: Photoshop (available in 
the market) and Hugin (an open software downloaded from internet) were used for 
testing the stitching technique under the above three testing cases.

By looking at the testing results, it was identified that there were some drawbacks 
and quality issues of the created panoramas in the areas of color balance, noise & 
distortion and overall quality for the selected three cases.

Figure 3. 
Developing a statistical model of predictor variables for the quality of panoramic images of mural paintings.
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4.4 Proposing a new method for the development of panoramic images

Image stitching algorithm is used for the development of panoramic images. 
It was researched on a flexible and efficient mechanism to implement computer 
vision algorithms. Then, it was able to identify, OpenCV [43] that supports many 
algorithms related to computer vision and machine learning. According to the 
literature review, SIFT algorithm has been justified as a suitable algorithm for 
robust, reliable, efficient and quality output at the stitching operations for creat-
ing panoramas in area of 2D artifact even with noise and distortion. Based on the 
findings, it was identified that stitcher class in OpenCV software library is having 
stitching pipeline very similar to the algorithm proposed by Matthew and David 
[39]. Matthew and David has proposed their algorithm including the detection of 
SIFT features of images for panorama creation efficiently. Accordingly, stitcher 
class was selected for the implementation of the proposed algorithm. As authors 
have planned to use Python programming language, OpenCV-Python library was 
used in this implementation as Python bindings designed to solve computer vision 
problems.

4.5 Subjective evaluation for the quality of created panoramic images

To create panoramic images, the authors captured a series of digital image portions, 
meticulously covering selected large murals in the temples. Each captured portion was 
stored separately during the image acquisition process. The authors opted to create an 
odd number of panoramic image sets for each method, specifically generating five sets 
as part of this research.

Accordingly, 5 × 3 panoramic images were obtained in this process. In the case 
of panoramic images, no original digital images are available for the reference [44]. 
So, objective evaluation IQ matrix cannot be used. Furthermore, esthetic aspect is 
very important in the context of artifact quality evaluation. As it is known, objective 
evaluation IQ matrix does not incorporate this factor at the evaluation. Accordingly, 
subjective evaluation is selected for this research for the evaluation of panoramic 
images using the quality attributes: color balance, noise & distortion with the overall 
quality of the panorama.

In this experiment, participants selected for evaluation were specifically chosen 
from the field of visual arts to ensure a comprehensive understanding of individual 
perceptions regarding quality attributes. A total of 15 experts from the faculty of 
visual arts were selected to participate in the evaluation process. The panel of experts 
were individually presented with sets of panoramic images using three distinct 
software tools. They were then asked to assess the quality attributes of each image, 
including color balance, noise & distortion, as well as overall quality. For color bal-
ance and overall quality, the experts used the following rating scale: Excellent (E), 
Good (G), Average (A), and Poor (P). The rating scale for noise & distortion con-
sisted of the following options: No noise (N), Average (A), High (H), and Too Much 
(T). After the evaluation was completed, a qualitative dataset was obtained based on 
the assessments made using the three different methods.

The authors conducted research to determine a suitable regression model for this 
specific type of data and found that the ordinal logistic regression method could be 
effectively applied to assess the significance of independent and dependent variables 
in the statistical model [27]. Subsequently, they performed regression analysis using 
ordinal logistic regression and introduced a set of predictor variables for a statistical 
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model aimed at evaluating the quality of panoramic images of mural paintings 
through a novel, more accurate approach [28, 29, 45–47].

5. Results and discussion

5.1  Statistical data analysis: categorical data analysis for the data set obtained 
using new method

The primary objective of this research is to identify a comprehensive set of 
predictor variables to be incorporated into a statistical model for evaluating the 
quality of panoramic images depicting mural paintings. To accomplish this, an 
ordinal logistic regression model was utilized, taking into account the presence of 
four distinct ordered categories for the data, namely Excellent, Good, Average, and 
Poor. The evaluation process involved the utilization of the Minitab statistical pack-
age. Following statistical data analysis shows the testing of the level of significance of 
selected quality attributes to the overall quality for a statistical model for the quality 
of panoramic images of mural paintings through the results of the panoramic images 
created using the new method. The link function is Logit. The results of this categori-
cal data analysis comprises several tables which are explained below.

Table 1 presents the statistics of frequencies of responses for the overall quality of 
the generated panoramic images using the proposed method. The data is categorized 
into four ordered categories: Excellent, good, average, and poor, along with their 
corresponding total frequencies (count).

Table 2 presents the key statistics derived from the regression analysis conducted 
in this study. This analysis offers valuable insights into the relevance of color bal-
ance and noise & distortion categories concerning the overall quality of panoramic 
images. Notably, the P-values for the “Average” and “Good” categories of the color 
balance predictor variable are both 0.000. These values being less than 0.05 indicate 
statistically significant associations between the “Good” and “Average” color balance 
categories and the overall quality. Conversely, the P-value for the “Poor” category of 
the color balance predictor variable is 0.994, indicating that there is no statistically 
significant association between the “Poor” category and the overall quality.

Moving on to the noise & distortion predictor variable, the P-value for the 
“Average” category is 0.013. Given that this P-value is smaller than 0.05, it indicates a 
statistically significant association with the overall quality. Conversely, the P-value for 
the “High” category of the noise & distortion predictor variable is 0.996, surpassing 
the significance threshold of 0.05. Consequently, it can be concluded that there is no 

Variable Value Count

Overall Quality Excellent 16

Good 46

Average 12

Poor 1

Total 75

Table 1. 
Response information.
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statistically significant association between the “High” category of noise & distortion 
and the overall quality.

Furthermore, the results highlight significant relationships between certain 
predictor variables and the overall quality of panoramic images. Notably, both the 
“Good” and “Average” categories of color balance show statistically significant 
associations with the overall quality. Additionally, the “Average” category of noise & 
distortion also demonstrates a statistically significant relationship with the overall 
quality. These findings shed light on the factors that impact the overall quality percep-
tion of panoramic images.

In addition to the previous findings, the results presented in Table 3 provide fur-
ther support for the presence of a predictor variable (either color balance or noise & 
distortion) that significantly influences the overall quality of panoramic images. This 
is evidenced by the G value of 71.937, which is notably large, and the P-value being less 
than 0.05. These findings suggest compelling evidence to conclude that at least one of 
the estimated coefficients of the predictor variable is significantly different from zero. 
Consequently, it can be inferred that either the color balance or noise & distortion (or 
both) play a crucial role in impacting the overall quality of the panoramic images.

Table 4 displays the results of the Goodness-of-Fit Tests. The computed Chi-
square statistics for both the Pearson and Deviance methods are 8.82540 and 9.99793, 
respectively. Furthermore, the associated P-values for these methods are 0.976 
and 0.953, respectively. It is noteworthy that these P-values exceed the significance 

DF G P-Value

5 71.937 0.000

Table 3. 
Test of all slopes equal to zero.

Predictor Coef SE Coef Z P Odds 
Ratio

95% CI

Lower Upper

Const(1) 1.55373 0.705252 2.20 0.028

Const(2) 7.78226 1.46466 5.31 0.000

Const(3) 44.7692 6276.88 0.01 0.994

Color 
balance

Good −2.9638 0.807985 −3.67 0.000 0.05 0.01 0.25

Average −6.6842 1.41653 −4.72 0.000 0.00 0.00 0.02

Poor −43.377 6276.88 −0.01 0.994 0.00 0.00

Noise and 
distortion

Average −1.8036 0.722281 −2.50 0.013 0.16 0.04 0.68

High −19.593 4454.98 −0.00 0.996 0.00 0.00

Log-likelihood = −35.545.

Table 2. 
Logistic regression table.
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threshold of 0.05. Consequently, it can be inferred that there is insufficient evidence 
to suggest that the model inadequately fits the data.

In Table 5, the measure of association between the response variable and the 
predicted probabilities is presented. The results indicate that 84.7% of the pairs show 
concordance, 3.2% are discordant, and 12.1% are tied pairs. These figures provide 
valuable insights into the relationship between the response variable and the pre-
dicted probabilities.

These findings indicate a high degree of agreement within the predicted probabili-
ties, suggesting that the model possesses a strong predictive ability. Additionally, the 
statistics of Somers’ D, Goodman-Kruskal Gamma (close to 1.0), and Kendall’s Tau-a 
further support the superior predictive capacity of the model. This implies a robust 
association between the response variable and the predicted probabilities.

The combined findings from Tables 3–5 offer further compelling evidence in 
favor of the proposed predictor variables, namely color balance and noise & distor-
tion, for the statistical model designed to evaluate the quality of panoramic images of 
mural paintings, as demonstrated in Table 2. These results reinforce the effectiveness 
of the selected variables in capturing and assessing the overall quality of such pan-
oramic images.

These results demonstrate a higher level of accuracy and reaffirm the suitability of 
the chosen predictor variables for the model.

5.2  Ordinal logistic regression analysis for the data set obtained using an existing 
method, Photoshop

This Table 6 provides insights into the significance of the color balance and noise 
and distortion categories in relation to the overall quality of panoramic images. The 
statistical analysis yielded the following P-values for the respective categories of the 
color balance predictor variable: 0.254 for “Good,” 0.897 for “Average,” and 0.184 for 
“Poor.” Moreover, the P-values for the “High” and “Too Much” categories of the noise 
& distortion variable are 0.182 and 0.028, respectively. These results indicate that, 
apart from the “Too Much” category of noise & distortion, which shows a P-value 

Method Chi-Square DF P

Pearson 8.82540 19 0.976

Deviance 9.99793 19 0.953

Table 4. 
Goodness-of-fit tests.

Pairs Number Percent Summery measures Value

Concordant 1316 84.7 Somers’ D 0.81

Discordant 50 3.2 Goodman-Kruskal Gamma 0.93

Ties 188 12.1 Kendall’s Tau-a 0.46

Total 1554 100.0

Table 5. 
Measure of association.
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lower than 0.05, there are no statistically significant associations between any of the 
color balance or noise & distortion categories and the overall quality.

5.3  Ordinal logistic regression analysis for the data set obtained using an existing 
method, Hugin

Table 7 displays the P-values for the “Poor”, “Average,” and “Good,” categories 
of the color balance predictor variables. They are equal and the value is 0.999. 
Additionally, the P-values for the “Average,” “High,” and “Too Much” categories of 

Predictor Coef SE Coef Z P Odds 
ratio

95% CI

Lower Upper

Const(1) −2.10231 1.42105 −1.48 0.139

Const(2) 2.10230 1.42105 1.48 0.139

Color 
balance

Good 1.72536 1.51106 1.14 0.254 5.61 0.29 108.53

Average −0.188025 1.45311 −0.13 0.897 0.83 0.05 14.30

Poor −2.08513 1.56892 −1.33 0.184 0.12 0.01 2.69

Noise & 
distortion

High −0.975611 0.731260 −1.33 0.182 0.38 0.09 1.58

Too Much −1.44111 0.656656 −2.19 0.028 0.24 0.07 0.86

Log-Likelihood = −52.615.

Table 6. 
Photoshop: Logistic regression table.

Predictor Coef SE Coef Z P Odds ratio 95% CI

Lower Upper

Const(1) −25.5821 26863.0 −0.00 0.999

Const(2) −21.3436 26863.0 −0.00 0.999

Color balance

Good 23.0328 26863.0 0.00 0.999 1.00696E+10 0.00 *

Average 20.7671 26863.0 0.00 0.999 1.04486E+09 0.00 *

Poor 18.9467 26863.0 0.00 0.999 1.69215E+08 0.00 *

Noise & 
distortion

Average 1.92115 2.09863 0.92 0.360 6.83 0.11 417.54

High −0.0533333 2.10786 −0.03 0.980 0.95 0.02 59.03

Too much −1.81660 2.17684 −0.83 0.404 0.16 0.00 11.59

Log-Likelihood = −33.404.

Table 7. 
Hugin: Logistic regression table.
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the noise & distortion variable are 0.360, 0.980, and 0.404, respectively. Since all the 
P-values in this table exceed the significance threshold of 0.05, it can be concluded 
that there are no statistically significant associations between any of the color balance 
or noise & distortion categories and the overall quality.

5.4  Comparison of the ordinal regression analysis of already existing two methods 
with the proposed new method

According to the research done for the identification of critical attributes for the 
visual quality of the panoramic images, it was proofed that color balance and noise & 
distortion are two significant attributes in this context. It implies that there should be 
a possibility to generate a statistical model which describes color balance and noise & 
distortion, are crucial attributes affecting the quality of panoramic images.

Comparing three logistic regression tables related to the new method and the other 
two methods, the logistic regression table derived from the novel method provides 
evidence supporting the enhanced accuracy of the proposed predictor variables, color 
balance, and noise & distortion, for the statistical model used to evaluate the quality 
of panoramic images of mural paintings, as presented in Table 2. This reaffirms the 
effectiveness and validity of the selected variables in accurately assessing the overall 
quality of such panoramic images.

Therefore, this result shows the superiority of the new method compared to other 
two existing methods.

6. Conclusion

The authors are able to provide a solid justification for accomplishing their 
primary objectives of this study: to identify the visual quality attributes of panoramic 
images and to propose predictor variables for a statistical model aimed at assessing 
the quality of panoramic images of mural paintings.

The research encompassed a diverse selection of mural paintings, varying in 
terms of painting types and content complexity. These murals were situated on both 
the ceilings and walls of temples, exhibiting different orientations, including both 
vertical and horizontal shapes. The murals depicted a range of subjects, with some 
showcasing multiple objects and others featuring individual objects. As a result, a 
significant implication of this research is that the conclusions drawn can be applied to 
mural paintings of any type.

Furthermore, the study highlights an important consideration regarding the image 
capturing process. It emphasizes the need for careful attention to the level of overlap 
between consecutive image components and the maintenance of parallelism between 
the camera and the object. This ensures minimal noise & distortion while maximiz-
ing color balance. In terms of future enhancements, the research could be extended 
to encompass 3D artifacts to investigate potential variations in quality attributes and 
predictor variables within a 3D context.

Examining the regression analysis table using the novel method reveals key 
statistical findings within the logistic regression analysis. Specifically, it highlights the 
significance levels of color balance and noise & distortion quality attributes in rela-
tion to the overall quality of panoramic images. Notably, the P-values within this table 
indicate that both the “Good” and “Average” categories of the color balance predictor 
variable are recorded as 0.000. Given that these P-values are below the threshold of 
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0.05, the analysis indicates that statistically significant associations exist between 
the “Good” and “Average” categories of color balance and the overall quality of the 
panoramas.

In summary, the research effectively accomplishes its two main objectives: iden-
tifying the visual quality attributes of panoramic images and proposing predictor 
variables for a statistical model to evaluate the quality of panoramic images of mural 
paintings.

© 2023 The Author(s). Licensee IntechOpen. This chapter is distributed under the terms of 
the Creative Commons Attribution License (http://creativecommons.org/licenses/by/3.0), 
which permits unrestricted use, distribution, and reproduction in any medium, provided 
the original work is properly cited. 



Statistical Model for the Quality of Panoramic Images of 2D Artifacts
DOI: http://dx.doi.org/10.5772/intechopen.1002621

61

References

[1] Schmid W. Final Report - Sri Lanka 
Mission to the UNESCO World Heritage 
Site of Sigiriya. 2016

[2] Engeldrum PG. A theory of image 
quality: The image quality circle. Journal 
of Imaging Science and Technology. 
2004;48(5):446-456

[3] Costin CL. Legal and policy issues 
in the protection of cultural heritage 
in South Asia and the pacific, cultural 
heritage in Asia and the pacific: 
Conservation and policy. In: Proceedings 
of a Symposium; 8-13 September 1991; 
Honolulu, Hawaii. Burbank, California: 
Wetland Graphics; 1993

[4] Preservation and Access and the 
Research Libraries Group. Preserving 
Digital Information, Report of the 
Task Force on Archiving of Digital 
Information. [Internet]. 1996. Available 
from: https://archive.org/details/
PreservingDigitalInformationTask 
ForceReport1996 [Accessed: 18 
September 2018]

[5] About conservation. [Internet]. 
2017. Available from: http://www.
conservation-us.org/about-conservation/
definitions#.WZA_jFHhXIU [Accessed: 
9 December 2019]

[6] UNESCO. [Internet]. 2022. Available 
from: https://uis.unesco.org/en/glossary

[7] Waters DJ. Digital Preservation? CLIR 
Issues. [Internet]. 1998. Available from: 
http://www.clir.org/pubs/issues/issues.
html [Accessed: 5 September 2018]

[8] Australia ICOMOS. Australia 
International Council on Monuments and 
Sites, Principles, Theory & Philosophy 
of Conservation. Australia ICOMOS; 

2023 [Internet]. Available from: https://
australia.icomos.org/resources/australia-
icomos-heritage-toolkit/principles-
theory-philosophy-of-conservation/. 
[Accessed: 2 February 2023]

[9] Williams D, Williamson, Burns PD. 
Image stitching: Exploring practices, 
software and performance. In: 
Proceedings in IS&T’s Archiving 
Conference. ResearchGate; 2013

[10] Szeliski R. Image alignment and 
stitching: A tutorial. Foundations and 
Trends in Computer Graphics and 
Vision. 2006;2(1):1-104

[11] Shikha A. A review on image 
stitching and its different methods. 
International Journal of Advanced 
Research in Computer Science and 
Software Engineering. 2015;5(5). 
Available from: www.ijarcsse.com

[12] Kokate M, Wankhede V, Rohit S.  
Survey: Image Mosaicing based on 
feature extraction. International Journal 
of Computer Applications. 2017;165(1)

[13] Hetal MP, Pinal JP, Sandip GP. 
Comprehensive study and review of 
image Mosaicing methods. International 
Journal of Engineering Research & 
Technology (IJERT). 2012;1(9)

[14] Dalwai A, Ansari M, Khan M.  
Operative use of image stitching 
algorithm based on feature extraction. 
International Journal of Advanced 
Research in Computer Science. 2015;6(2). 
Available from: www.ijarcs.info

[15] Sruthi P, Dinesh S. Panoramic image 
creation. IOSR Journal of Electronic and 
Communication Engineering (IOSR-
JECE). 2017:12-24. e-ISSN: 2278-2834, 
p-ISSN: 2278-8735



Recent Advances in Biostatistics

62

[16] Wu J, Cui Z, Sheng Victor S, Zhao P, 
Su D, Gong S. A comparative study of 
SIFT and its variants. Measurement 
Science Review. 2013;13(3)

[17] Ebtsam A, Mohammed E, 
Hazem E. Image stitching based on 
feature extraction techniques: A survey. 
International Journal of Computer 
Applications. 2014;99(6)

[18] Anat Levin AZ, Weiss Y. Seamless 
Image Stitching in the Gradient Domain. 
The Hebrew University of Jerusalem; 
2000

[19] Mikolajczyk K, Schmid C.  
A performance evaluation of local 
descriptors. IEEE Transactions 
on Pattern Analysis and Machine 
Intelligence. 2005;27(10):1615-1630

[20] Balntas V, Lenc K, Vedaldi A, 
Mikolajczyk K. HPatches: A benchmark 
and evaluation of handcrafted and 
learned local descriptors. In: Proceedings 
of the IEEE Conference on Computer 
Vision and Pattern Recognition. 2017. 
pp. 5173-5182

[21] Maponga R. Image Stitching 
Techniques. ESE Senior Capstone 
Project; 2017 Tech Notes. 2017

[22] Khan D, Maqsood A, Khan K.  
Operative use of image stitching 
algorithm based on feature extraction. 
International Journal of Advanced 
Research in Computer Science. 2015;6(2). 
Available from: www.ijarcs.info

[23] Patil V, Gohatre U. Performance 
comparison of image stitching methods 
under different illumination conditions. 
International Journal of Engineering 
Technology Science and Research 
(IJETSR). 2017;4(9). Available from: 
www.ijetsr.com

[24] Jianxia W, Yawei W. Modified 
SURF applied in remote sensing image 

stitching. International Journal of Signal 
Processing, Image Processing and Pattern 
Recognition. 2015;8(8):1-10

[25] Sarlin PE, DeTone D, Malisiewicz T, 
Rabinovich A. Superglue: Learning 
feature matching with graph neural 
networks. In: Proceedings of the 2 IEEE/
CVF Conference on Computer Vision and 
Pattern Recognition. 2020. pp. 4938-4947

[26] Hanneman RA, Kposowa AJ, 
Riddle M. Research Methods for the 
Social Sciences: Basic Statistics for Social 
Research. John Wiley & Sons, Ltd; 2013

[27] Selvamuthu D, Das D. Introduction 
to Statistical Methods, Design of 
Experiments and Statistical Quality 
Control. Springer Nature Singapore Pte 
Ltd; 2018. DOI: 10.1007/978-981-13-
1736-1. ISBN: 978-981-13-1735-4. ISBN: 
978-981-13-1736-1 (eBook)

[28] Agresti A. Analysis of Ordinal 
Categorical Data Second Edition, Wiley 
Series in Probability and Statistics. John 
Wiley and Sons; 2010

[29] Simonoff JS. Analyzing Categorical 
Data. Springer; 2003

[30] Ramosacaj M, Hasani V, Dumi A. 
Application of logistic regression in the 
study of students’ performance level (case 
study of Vlora University). Journal of 
Educational and Social Research (Rome, 
Italy: MCSER Publishing). 2015;5(3)

[31] Granados A, Pelayo VM, Arillo JR.  
Automatizing chromatic quality 
assessment for cultural heritage 
image digitization. El Profesional de 
la Información. 2019;28(3):e280305. 
DOI: 10.3145/epi.2019.may.05

[32] Engeldrum PG. A new approach to 
image quality. In: IS and T’s 42nd Annual 
Conf. Proc; IS and T. VA: Springfield; 
1989. p. 461



Statistical Model for the Quality of Panoramic Images of 2D Artifacts
DOI: http://dx.doi.org/10.5772/intechopen.1002621

63

[33] Engeldrum PG. Measuring Key 
Customer Print Quality Attributes, 
TAPPI Symposium Process and Product 
Quality Division. 1989. p. 101

[34] Bartleson C. The combined influence 
of sharpness and graininess on the 
quality of color prints. The Journal of 
Photographic Science. 1982;30:33-38

[35] Engeldrum PG. Measuring customer 
perception of print quality. Tappi 
Journal. 1990;73:161

[36] Engeldrum PG. Image Quality 
Modeling: Where Are We? IS and T’s 
1999 PICS Conference. 1999

[37] Burns PD. Image Quality Concepts, 
Handbook of Digital Imaging. John Wiley 
and Sons, Ltd; 2015. Available from: 
https://onlinelibrary.wiley.com/doi/
full/10.1002/9781118798706.hdi004

[38] Chandler DM. Seven challenges 
in image quality assessment: Past, 
present, and future research. 
International Scholarly Research 
Notices. 2013:1-53. Article ID 905685. 
DOI: 10.1155/2013/905685

[39] Matthew B, David G. Automatic 
panoramic image stitching using 
invariant features. International Journal 
of Computer Vision. 2007;74(1):59-73

[40] Brown M, Lowe DG. Recognizing 
panoramas. In: International Conference 
on Computer Vision. Vol. 3. 2003. p. 1218

[41] Szeliski R. Computer Vision: 
Algorithms and Applications. Springer 
Science and Business Media; 2010

[42] Pedersen M, Bonnier N, 
Hardenberg JY, Albregtsen F. Attributes 
of a New Image Quality Model for Color 
Prints. Society for Imaging Science and 
Technology; 2009

[43] OpenCV team. About. OpenCV. 
[Internet]. Available from: https://
opencv.org/about/ [Accessed: 22 
February 2021]

[44] Pedersen M, Hardeberg J. Survey of 
full-reference image quality metrics. In: 
Høgskolen i Gjøviks rapportserie 5. The 
Norwegian Color Research Laboratory 
(Gjøvik University College); 2009. ISSN: 
1890-520X

[45] Upton GJG. Categorical Data 
Analysis by Example. Wiley and Sons, 
Inc, Publication; 2016

[46] Andersen EB. The Statistical Analysis 
of Categorical Data. Springer; 1990

[47] Downey AB. Think Stats. Sebastopol, 
CA: O’Reilly Media, Inc.; 2015. p. 95472





Chapter 5

Useful Block Designs in Biostatistics
L. Rob Verdooren and Dieter Rasch

Abstract

Randomized Complete Block Designs (RCBD), Balanced Incomplete Block Designs
(BIBD) and the so-called Generalized Lattice Designs as Alpha Designs are useful
designs in Biostatistics. A complete table of BIBDs with the smallest number b of
blocks with at most v = 25 treatments and block sizes k for 2< k ≤ v

2 is presented. Such a
table did not exist until now. The analysis of the different block designs (Randomized
Complete Block design, BIBDs and Alpha Design) is here not done with the commer-
cial statistical packages SAS or SPSS. These packages can now only be hired for a year
and are quite expensive. We used the package of R for the analysis, which is free of
charge and it is now used in most Universities.

Keywords: RCBD, BIBD, alpha designs, smallest BIBDs for v = 25 treatments and
block sizes k for 2< k ≤ v

2, analysis with R

1. Introduction

Experiments in Biostatistics to compare treatments need homogeneous conditions.
R.A. Fisher, a statistician at Rothamsted Experimental Station in Hertfordshire in
England, published in 1926 an article “The arrangement of field experiments” [1].
Within 10 and a half pages Fisher gives all principles of experimental designs: repli-
cation, randomization and blocking. In agriculture with variety trials, the experimen-
tal field was often laid down next to a ditch. Plots parallel to the ditch have the same
growing conditions, but plots farther away from the ditch have other growing condi-
tions than plots next to the ditch. When one wants to investigate v varieties Fisher
proposed starting with the v plots next to the ditch. These v plots form then a block of
plots with the same growing conditions. The varieties are placed in this first block in a
randomized order. The plots adjacent to the first block, farther away from the ditch
form a new block of v plots. In this second block, the v varieties are placed again in a
random order. This design is called a randomized complete block design for v varieties
with b = 2 blocks. The complete blocks are also called replications, because all the v
varieties are present in this block. The statistical model for the yield in such a ran-
domized complete block design with v varieties and b blocks is that of a two-fold
analysis of variance and is

yij ¼ μþ αi þ βj þ eij, i ¼ 1, … , v; j ¼ 1, … , b; (1)

In (1), yij is the random model of the observed yield yij, μ is the general mean, αi is
the varietal effect, βj is the block effect. Further, we have the side conditions

Pv
i¼1αi = 0
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and
Pb

j¼1βj = 0. Furthermore, the eij terms are independently distributed random errors
with a normal distribution, each having an expectation of 0 and a variance of σ2. If the
blocks of a block design are randomly selected from a huge set of blocks available, we
have a mixed model with random βj. Due to the rarity of this scenario in Biostatistics,
we will not be discussing it in this chapter.

If all pairs of varietal mean differences αp – αq are by Least Squares Method
estimated by yp – yq for p6¼ q = 1,… , v and where yp =

Pb
j¼1ypj/b and yq =

Pb
j¼1yqj/b it

can be shown that all pairs have the same variance 2σ2
b . This is a nice property of a

randomized complete block design.
In Biostatistics, Complete Block Designs are very useful. The researcher must only

be looking for the same experimental conditions for his v treatments. Often b blocks
with the same number k experimental units per block are used.

We present the analysis with R of a randomized complete Block Designs in Section 2.
But unfortunately, the Biostatistician often comes in the situation that his number

of treatments v is larger than the block size k. In this case, the Balanced Incomplete
Block Design (BIBD) for the investigation of his v treatments is a good alternative
design. A BIBD consists of b blocks each with k experimental units but k < v. The
number of times a treatment is used in a BIBD is r, the number of replicates.
Further, each pair of treatments occurs in a BIBD λ times together in all the blocks;
λ = r�(k � 1)/(v � 1) is called the number of concurrences. In a BIBD, we observe the
property of equal variance for all treatment effects and treatment effect differences
estimated by the Least Squares Method. Specifically, the variance for a treatment
effect is given by (σ2/(r�v))�(1 + k�r�(v � 1)/(λ�v)) and the variance for a treatment
effect difference is given by σ2 (2 k/λv).

The BIBDs are discussed in Section 3, their analysis with R in Section 4.
Often the number of blocks in a BIBD is very large and the design is not useful in

field trials or in other Biostatistics trials. Section 5 introduces an alternative method
known as Alpha Designs and their analysis with R is presented in Section 6.

The analysis of the different block designs (Randomized Complete Block design,
BIBDs and Alpha Design) is here not done with the commercial statistical packages
SAS or SPSS. These packages can now only be hired for a year and are quite expensive.
We used the package of R for the analysis, which is free of charge and it is now used in
most Universities.

2. Analysis of a randomized complete block design with R

Kuehl [2] gives Example 8.1 of a randomized complete block design on pages 257–
258. Current nitrogen fertilization recommendations for wheat included applications
of specified amounts at specified stages of plant growth. The recommendations were
developed through the use of periodic stem tissue analysis of nitrate content of the
plants. Stem tissue analysis was thought to be very effective to monitor the nitrogen
status of the crop and provide a basis for predicting required nitrogen for optimum
production. In certain situations, however, the stem nitrate tests were found to over-
predict the required nitrate amounts. Consequently, the researcher wanted to evaluate
the effect of several different fertilization timing schedules on the stem tissue nitrate
amounts and wheat production to refine the recommendation procedure. The treat-
ment design included six different nitrogen application timing and rate schedules that
were thought to provide the range of conditions necessary to evaluate the process.
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For the purpose of comparison, a control treatment with no nitrogen, treatment (1),
was included, as well as the current standard recommendation.

The experiment was conducted in an irrigated field with a water gradient along
one direction of the experimental area. Since plant responses are affected by variabil-
ity in the amount of available moisture, the field plots were grouped into blocks of six
plots such that each block occurred in the same part of the water gradient. Thus, any
differences in plant responses caused by the water gradient could be associated with
the blocks. The resulting design was a randomized complete block design with four
blocks of six field plots to which the nitrogen treatments were randomly allocated.

The layout of the experimental plots in the field is shown below. The observed NO3

nitrogen content (ppm � 10�2) from a sample of wheat stems is shown for each plot
with the treatment number in parentheses before it.

Block 1 (2) 40.89 (5) 37.99 (4) 37.18 (1) 34.98 (6) 34.89 (3) 42.07 Irrigation

Block 2 (1) 41.22 (3) 49.42 (4) 45.85 (6) 50.15 (5) 41.99 (2) 46.69 Gradient

Block 3 (6) 44.57 (3) 52.68 (5) 37.61 (1) 36.94 (2) 46.65 (4) 40.23 ↓

Block 4 (2) 41.90 (4) 39.20 (6) 43.29 (5) 40.45 (3) 42.91 (1) 39.97

We now bring the data in the R-package using the following R commands.
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Note: The coefficient Block2 represents the estimated difference in effect between
Block 2 and Block 1.

The coefficient Treatment2 represents the estimated difference in effect between
Treatment 2 and Treatment 1. For a Randomized Complete Block Design, the estimate
with the Least Squares Method of a treatment is equal to the mean of the treatment in
the experiment.

The estimate of the standard error of the differences of the least squares mean of two
treatment means for a Randomized Complete Block Design uses the same estimate for the
variance σ2, it is the square of the residual standard error s = 2.683, hence s2 = 7.1985 with
15 degrees of freedom. The estimate of the standard error of the differences of the least
squares means of two treatment means is given by√ (s2 (2/4)) =√3.5993 = 1.897.

Note: The estimate of the standard error of a Least Square Mean of a treatment is
√ s2/4 = √ 7.1985/4 = √1.7996 = 1.342.

But the investigator mentioned now that treatment 4 was the standard fertilizer
recommendation for wheat. The nitrate nitrogen in the stem of the wheat plant
measured throughout the growing season is used to assess nitrogen requirements for
optimum wheat yields. The investigator would be interested in differences between
any of the individual nitrogen timing treatments and the current recommendation of
each stage of growth. The Dunnett’s test can be used to compare the standard recom-
mendation to each of the other timing treatments including the no nitrogen control
treatment. The no nitrogen control provides a means of evaluating the nitrogen
available without fertilization in these particular plots.
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In the Dunnett’s test table, as described by Dunnett [3, 4], for a degree of freedom
(df) of 15 and k = 5 (the number of treatments to compare with the control), with a
significance level (α) of 0.05 (two-sided), the critical value is 2.82. Therefore we must
compare the absolute value of the difference in means between treatment i and 4 with
2.82� SE(yi – y4) = 2.82 � √ 3.5993 = 5.35.

Only the absolute difference of treatment 3 and 4, 6.16, is larger than 5.35.

∣y1–y4 ∣ ¼ 2:34< 5:35 (2)

∣y2–y4 ∣ ¼ 3:42< 5:35 (3)

∣y3–y4∣ ¼ 6:16> 5:35 (4)

∣y5–y4 ∣ ¼ 1:11< 5:35 (5)

∣y6–y4∣ ¼ 2:61< 5:35 (6)

With the R- package “nCDunnett”, we can find the quantile of the Dunnett’s test.
This package can be used for the central and non-central Dunnett’s test.
The degrees of freedom is nu = 15. We have 5 treatments which are compared with

the control hence, the correlation coefficient is 0.5 for two comparisons, this is given
for all 5 treatment comparisons by the vector rho = c(0.5, 0.5, 0.5, 0.5, 0.5).

For the test, the non-centrality parameter is δ = 0. This is indicated by the vector
delta = c(0,0,0,0,0) for the 5 treatment comparisons. We want to use the significance
level α = 0.05 for a two-sided test. We indicate this by the confidence coefficient p = 1
– α = 0.95 and, in the command, we use the indication two-sided = TRUE. The
computation is done with 32 points of the Gaussian quadrature method. The R-
commands are then:

This quantile point 2.82 is also given by the table of Dunnett [4].
With the R-package “multcomp” for multi-comparisons, we can find the signifi-

cance of the Dunnett’s test where control is Treatment 4.
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Only the difference of Treatment 3 and Treatment 4 has a significant p-value
Pr(>| t|) = 0.022 < 0.05.

3. Balanced incomplete block designs

Balanced Incomplete Block designs consist of b blocks of size k experimental units
each but k < v. The number of times a treatment is used in a BIBD is r, the number of
replicates. Further, each pair of treatments occurs in a BIBD together in all the blocks λ
times; λ = r�(k � 1)/(v � 1) is called the number of concurrences.

In a BIBD, we observe the property of equal variance for all treatment effects and
treatment effect differences estimated by the Least Squares Method. Specifically, the
variance for a treatment effect is given by (σ2/(r�v))�(1 + k�r�(v � 1)/(λ�v)) and the
variance for a treatment effect difference is given by σ2 (2 k/λv).

3.1 Theoretical background

We give at first an introduction into the theory behind BIBDs.
We consider experiments that include a treatment factor as well as

disturbance factor that affects the experimental result. Block designs are
experimental designs to eliminate the influence of that. Restricting ourselves to one
treatment factor is not a loss of generality because, in the case of multiple disturbance
factors, we can incorporate all factor level combinations as treatments of a new factor.
We assume that the treatment factor has v levels, called treatments and the ith
treatment occurs ri i ¼ 1, … , vð Þ times then the ri are called replications. The block
may have b levels, called blocks. Block bj has kj j ¼ 1, … , b elements which are called
block sizes.

If each treatment occurs equally often, say r times, in a block design, then the
design is called to be equireplicate and if all blocks have the same size k, the design is
called proper.

Any block design can be represented by the matrix

D r1:… , rvð Þ N

N T D k1, … , kbð Þ

 !
(7)

which includes the diagonal matrices D r1:… , rvð Þ and D k1, … , kbð Þ of replications
and block sizes, respectively. Additionally, it includes the matrix N , which is called
incidence matrix. The elements of the incidence matrix N ¼ nij

� �
with v rows and b

columns show how often the ith treatment (representing the ith row) occurs in the jth
block (representing the jth column). If all nij is either 0 or 1, the incidence matrix and
the corresponding block design are called binary.

The elements of the incidence matrix N ¼ nij
� �

lead to the two diagonal matrices

because N eb ¼ D r1, … , rvð Þ and N Tev ¼ D k1, … , kbð Þ; e.g. eb is a column vector of
length b of ones.

The levels of the block factor are called blocks. The b column sums kj of the
incidence matrix are the elements of D k1, … , kbð Þ and are called block sizes. The v row

70

Recent Advances in Biostatistics



sums ri of the incidence matrix are the elements of D r1, … , rvð Þ and are called replica-
tions. A block design is complete, if the elements of the incidence matrix are all
positive (nij ≥ 1). A block design is incomplete, if the incidence matrix contains at least
one zero. Blocks are called incomplete, if in the corresponding column of the inci-
dence matrix there is at least one zero.

In block designs, the randomization has to be done as follows: the experimental
units in each block are randomly assigned to the treatments, occurring in this block.
This randomization is done for each block separately.

In complete block designs with v plots per block, where each of them is assigned to
exactly one of the v treatments, the randomization is completed. If k < v, (incomplete
block designs) the abstract blocks, obtained by the mathematical construction have to
be randomly assigned to the real blocks.

For incomplete binary block designs in place of the incidence matrix, often a
shorter writing is in use. Each block is represented by a bracket including the symbols
(numbers) of the treatments, contained in the block.

A block design with a symmetric incidence matrix is a symmetric block design.
It can easily be seen that the sum of the replications ri as well as the sum of all block

sizes kj equals the Number N of the experimental units of a block design. Therefore,
for each block design, we have:

Xv
i¼1

ri ¼
Xb
j¼1

kj ¼ N, (8)

Especially for equireplicate and proper block designs (ri = r and kj = k) this gives:

vr ¼ bk (9)

A (completely) balanced incomplete block design (BIBD) is a proper and
equireplicate incomplete block design with the additional property that each pair of
treatments occurs in equally many, say in λ, blocks. A BIBD with v treatments with r
replications in b blocks of size k < v, is called a B(v, k, λ)-design. A BIBD for a pair (v,
k) is called elementary, if it cannot be decomposed in at least two BIBDs for this pair
(v, k). A BIBD for a pair (v, k) is a minimum BIBD for this pair (v, k), if r (and by this
also b and λ) is minimum. For a BIBD besides (9) we receive the relation for the
number of concurrences λ:

λ v� 1ð Þ ¼ r k� 1ð Þ (10)

The Eqs. (9) and (10) are necessary but not sufficient conditions for the existence
of a BIBD. For instance, the quintuple v = 16, r = 3, b = 8, k = 6, λ = 1 fulfills the necessary
conditions but no BIBD with these parameters exists. The reason is that Fisher’s
inequality is violated, which as Fisher [5] showed is also a necessary condition.

b≥ v (11)

Hence the design with v = 16, r = 3, b = 8, k = 6, λ = 1 is not a BIBD.
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A researcher likes to have the experiment in replications, which means that a set of
blocks forms a replication where all the treatments are present once. Such an incom-
plete block design is called resolvable. For a resolvable BIBD, Bose [6] showed that a
necessary condition is:

b≥ rþ v–1 (12)

But even if (9), (10) and (11) are valid, a BIBD not necessarily exists. Cases for this
are v = 22, k = 8, b = 33, r = 12, λ = 4 and v = 34, r = 12, b = 34, k = 12, λ = 4. The
minimum BIBD for v = 22 and k = 8 is v = 22, k = 8, b = 66, r = 24, λ = 8.

The so-called unreduced or trivial BIBD can, for any pair (v,k) with positive integers
v and k, k < v, always be constructed by forming all k-combinations of the v numbers.

Hence ¼ v
k

� �
, r ¼ v� 1

k� 1

� �
, λ ¼ v� 2

k� 2

� �
. Often a BIBD can be found as a

part of such an unreduced BIBD and this is a reduced BIBD.
One case for which such a reduction is not possible is that with v = 8 and k = 3.
There is no other case for v ≤ 25 and 2< k< v� 1 where no unreduced BIBD exists;

see for more cases with v > 25 Rasch et al. [7] and Section 3.3.
In addition to Completely Balanced Incomplete Block Designs (BIBDs), Partially

Balanced Incomplete Block Designs (PBIBDs) are also known, where not only one
number of concurrences but two may occur. The consequence of this is that estima-
tors of some treatment differences have two different variances. In this chapter, we do
not consider these designs.

Example 3.1 (from Rasch and Herrendörfer [8, 9]).
For v = 7 and k = 3 the trivial BIBD is:

1, 2, 3ð Þ 1, 3, 6ð Þ 1, 6, 7ð Þ 2, 4, 7ð Þ 3, 5, 6ð Þ
1, 2,4ð Þ 1, 3, 7ð Þ 2, 3, 4ð Þ 2, 5, 6ð Þ 3, 5, 7ð Þ
1, 2, 5ð Þ 1, 4, 5ð Þ 2, 3, 5ð Þ 2, 5, 7ð Þ 3, 6, 7ð Þ
1, 2, 6ð Þ 1, 4, 6ð Þ 2, 3, 6ð Þ 2, 6, 7ð Þ 4, 5, 6ð Þ
1, 2, 7ð Þ 1, 4, 7ð Þ 2, 3, 7ð Þ 3, 4, 5ð Þ 4, 5, 7ð Þ
1, 3, 4ð Þ 1, 5, 6ð Þ 2, 4, 5ð Þ 3,4, 6ð Þ 4, 6, 7ð Þ
1, 3, 5ð Þ 1, 5, 7ð Þ 2, 4, 6ð Þ 3, 4, 7ð Þ 5, 6, 7ð Þ

(13)

There are three elementary BIBD, two of them with parameters b = 7, r = 3, λ = 1
and blocks{(1,2,4), (1,3,7), (1,5,6), (2,4,5), (2,6,7), (4,6,7), (3,4,6)}—they are in the
trivial BIBD bold and italic. The incidence matrix is

1 1 1 0 0 0 0

1 0 0 1 1 0 0

0

1

0

0

0

1

0

0

0

1

0

0

1

1

0

1

0

1

0

0

0

0

0

1

1

0

1

1

0

1

1

1

0

1

0

0
BBBBBBBBBBBBBBBBBB@

1
CCCCCCCCCCCCCCCCCCA

(14)
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A further BIBD with parameters b = 7, r = 3, λ = 1 is the septuple {(1,2,6), (1,3,4),
(1,5,7), (2,3,7), (2,4,5), (4,6,7), (3,5,6)}—its blocks are in the trivial BIBD italic but
not bold.

The set of the residual 21 of the 35 blocks is a further elementary {(1,2,4), (1,3,7),
(1,5,6), (2,3,5), (2,6,7), (4,5,7), (3,4,6)} block design—its blocks are in the trivial
BIBD neither bold nor italic. Rasch and Herrendörfer [8, 9] showed that this set is an
elementary BIBD.

Let N be the incidence matrix of a BIBD for the pair (v,k). If we replace all Zeros of
N by Ones and all Ones by Zero, we obtain the incidence matrix of a new BIBD which
is called the complementary BIBD of the original one. If the original BIBD has the
parameters v, r, b, k, λ, then the complementary BIBD has the parameters

vc ¼ v; bc ¼ b, rc ¼ v� r, kc ¼ v� k and λck ¼ b� 2rþ λ: (15)

We consider the blocks {(1,2,4), (1,3,7), (1,5,6), (2,4,5), (2,6,7), (4,6,7), (3,4,6)} of
the first elementary BIBD from above. By replacing each of the blocks by the corres-
ponding block with the treatments not in the original block, we obtain the complementary
block design {(3,5,6,7), (2,4,5,6), (2,3,4,7), (1,4,6,7), (1,3,4,5), (1,2,3,6), (1,2,5,7)}.

It is sufficient if a table of BIBDs contains only the designs with v, k ≤ v
2

� �
because

we can for the case k> v
2 easily construct all designs using the complementary BIBDs.

Since October 2022, the R Package ibd by B. N. Mandal has the function
bibd(v,b,r,k,lambda,ntrial,pbar=FALSE)
that generates a balanced incomplete block design with given number of treat-

ments (v), number of blocks (b), number of replications (r), block size (k) and
number of concurrences (lambda); ntrial is the number of trials (default is one) and
pbar is the logical value indicating whether progress bar will be displayed or not
(default is FALSE). The function works best for most values of treatments (v) up to 30
and block size (k) up to 10. However, for block size (k) up to 3, much larger number
of treatments (v) may be used.

In the output of the function bibd() of Mandal his package ibd gives besides the
design is also given NNP, where N is the incidence (v � b)-matrix (nij) and NP is N0

(the transpose of N). For a BIBD, the matrix NNP is a (v� v) symmetric matrix with r on
the diagonal and lambda in the rest of the matrix. Also it gives Aeff for the lower bound
to the A-efficiency of the generated design and Deff for the lower bound to the
D-efficiency of the generated design. For a BIBD, theAeff andDeffmust be 1 or 0.999999.

3.2 A table of all smallest b for BIBD for v ≤ 25

To construct a BIBD is often not easy and needs methods of combinatorics (finite
geometries and others) which are described in Rasch and Herrendörfer [8, 9]. There-
fore, we present a link to a website of Springer https://doi.org/10.1007/978-3-662-
67078-1_9 belonging to Rasch and Verdooren [10] for a complete table of BIBDs with
the smallest number b of blocks with at most v = 25 treatments and block sizes k for
2< k ≤ v

2. Such a table did not exist until now. Fisher and Yates [11] published an
incomplete table of BIBDs.

Below, we give all 110 Balanced Incomplete Block Designs (BIBDs) with v < 26 and
k≤ v/2 and smallest number b of blocks of size. The BIBDs for k>v/2 are the comple-
mentary BIBDs, which can be easily be obtained by replacing the treatments given in
the blocks of the original BIBD by the treatments not occurring in the original blocks.
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Example 3.1.
Design 2 (German “Plan” = Design, “Behandlungen” = Treatments) below.
Plan 2

v k b r λ

7 3 7 3 1

Design 2 has the complementary BIBD with the parameters vc=7, bc=7, kc = 7–3 = 4,
rc = 7–3 = 4, λc = 7–2�3 + 1 = 2 and the blocks are now:

In Rasch and Verdooren [10], we find the following table of smallest b for BIBDs.
The designs of these 110 BIBDs can be found on the website of Springer https://doi.
org/10.1007/978-3-662-67078-1_9.

If the R program ibd on a PC with 64 bits processor did not give a solution after
5 minutes, then we mentioned this design as not constructible by ibd. For Design 21,
ibd gives a design with a NNP matrix that does not belong to a BIBD and also Aeff and
Deff was not 0.9999999.

v k b r λ Design Constructible by ibd

6 3 10 5 2 1 Yes

7 3 7 3 1 2 Yes

8 3 56 21 6 3 Yes

4 14 7 3 4 Yes

9 3 12 4 1 5 Yes

4 18 8 3 6 Yes

10 3 30 9 2 7 Yes

4 15 6 2 8 Yes

5 18 9 4 9 Yes

11 3 55 15 3 10 Yes
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v k b r λ Design Constructible by ibd

4 55 20 6 11 Yes

5 11 5 2 12 Yes

12 3 44 11 2 13 Yes

4 33 11 3 14 Yes

5 132 55 20 15 Yes

6 22 11 5 16 Yes

13 3 26 6 1 17 Yes

4 13 4 1 18 Yes

5 39 15 5 19 Yes

6 26 12 5 20 Yes

14 3 182 39 6 21 Yes

4 91 26 6 22 Yes

5 182 65 20 23 Yes

6 91 39 15 24 Yes

7 26 13 6 25 Yes

15 3 35 7 1 26 Yes

4 105 28 6 27 Yes

5 42 14 4 28 Yes

6 35 14 5 29 Yes

7 15 7 3 30 Yes

16 3 80 15 2 31 Yes

4 20 5 1 32 Yes

5 48 15 4 33 Yes

6 16 6 2 34 Yes

7 80 35 14 35 Yes

8 30 15 7 36 Yes

17 3 136 24 3 37 No

4 68 16 3 38 Yes

5 68 20 5 39 No

6 136 48 15 40 No

7 136 56 21 41 No

8 34 16 7 42 Yes

18 3 102 17 2 43 Yes

4 153 34 6 44 Yes

5 306 85 20 45 No

6 51 17 5 46 Yes

7 306 119 42 47 No

8 153 68 28 48 No
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v k b r λ Design Constructible by ibd

9 34 17 8 49 No

19 3 57 9 1 50 Yes

4 57 12 2 51 Yes

5 171 45 10 52 No

6 57 18 5 53 Yes

7 57 21 7 54 Yes

8 171 72 28 55 No

9 19 9 4 56 Yes

20 3 380 57 6 57 Yes

4 95 19 3 58 Yes

5 76 19 4 59 Yes

6 190 57 15 60 No

7 380 133 42 61 No

8 95 38 14 62 No

9 380 171 72 63 No

10 38 19 9 64 No

21 3 70 10 1 65 Yes

4 105 20 3 66 Yes

5 21 5 1 67 No

6 42 12 3 68 No

7 30 10 3 69 Yes

8 105 40 14 70 Yes

9 35 15 6 71 No

10 42 20 9 72 No

22 3 154 21 2 73 Yes

4 77 14 2 74 Yes

5 462 105 20 75 No

6 77 21 5 76 Yes

7 44 14 4 77 Yes

8 66 24 8 78 Yes

9 154 63 24 79 No

10 77 35 15 80 Yes

11 42 21 10 81 No

23 3 253 33 3 82 Yes

4 253 44 6 83 Yes

5 253 55 10 84 Yes

6 253 66 15 85 No

7 253 77 21 86 No
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Table 1 provides a comprehensive list of 110 designs of BIBD that can be used by
experimenters to find the desired design, given that v ≤ 25. These designs can be
downloaded on the website of Springer https://doi.org/10.1007/978-3-662-67078-1_9
belonging to Rasch and Verdooren [10]. Be aware that the website uses the German
words “Plan” and “BUBD” for Design and BIBD respectively.

But we know that designs with more than 100 blocks will be applied less frequently.
In place of using such a design, we recommend to decrease the number of plots k if

the number of blocks b is then smaller. Another possibility is, to increase v by a
placebo treatment and use the design with this v with smaller b.

Example 3.2.
We consider design 87 with parameters v = 23, b = 253, r = 88, k = 8 and λ = 28. If

we can use k = 7 then the design 77 with parameters
v = 23, b = 44, r = 14, k = 7 and λ = 4 needs much less effort.

v k b r λ Design Constructible by ibd

8 253 88 28 87 No

9 253 99 36 88 No

10 253 110 45 89 No

11 23 11 5 90 Yes

24 3 184 23 2 91 Yes

4 138 23 3 92 No

5 552 115 20 93 No

6 92 23 5 94 No

7 552 161 42 95 No

8 69 23 7 96 No

9 184 69 24 97 No

10 276 115 45 98 No

11 552 253 110 99 No

12 46 23 11 100 No

25 3 100 12 1 101 Yes

4 50 8 1 102 No

5 30 6 1 103 Yes

6 100 24 5 104 No

7 100 28 7 105 No

8 75 24 7 106 No

9 25 9 3 107 Yes

10 40 16 6 108 No

11 300 132 55 109 No

12 50 24 11 110 No

Table 1.
BIBDs with smallest b for v ≤ 25 and v, 2< k ≤ v

2:

� �
.
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Example 3.3.
We consider design 14 with parameters v = 12, b = 33, r = 11, k = 4 and λ = 3. If we

can use v = 13 (with a placebo treatment) then the design 18 with parameters v = 13,
b = 13, r = 4, k = 4 and λ = 1 needs much less effort.

3.3 A conjecture about trivial BIBD

The following conjecture was already published in several articles—see for
instance, Rasch and Herrendörfer [8, 9, 12–14], Rasch et al. [7].

For v = 8 and k = 3, the elementary and smallest BIBD (v,b,r,k,λ) is the trivial one
with b = 56, r = 21, λ = 6. This can be shown by verifying that there is no quintuple
(8,b,r,3,λ) with a number of blocks b < 56 fulfilling Eqs. (2), (3) and (4). Certainly,
the complementary BIBD of this design is both elementary and trivial. The conjecture
is as follows:

Conjecture For 3 ≤ k ≤ v
2 the case (v, k) = (8, 3) (Design 3 in Table 1) is the only

one where the trivial BIBD is elementary.
If we look at Table 1, we see that the conjecture is true for v ≤ 25. In Rasch et al. [7]

and Teuscher and Rasch [15], many cases are given where the conjecture is true. A
counter-example could not be shown.

3.4 BIBD with too large number of blocks b

It is true that a BIBD needs often a large number b of blocks. The Biostatistician
who cannot use the large number b of blocks for the BIBD can use a type of Incom-
plete Block Designs as Lattice Designs. In Cochran and Cox [16], Lattice Designs are
given in Chapter 10. But these Lattice Designs exist only when the number of treat-
ments v is an exact sqares. An extension of these Lattice Designs are the generalized
lattice designs as Alpha Designs by Patterson and Williams [17].

The variance of the estimator of treatment differences of these designs is not the
same for all treatment differences but often about the same order. A researcher likes
to have the experiment in replications, which means that a set of blocks forms a
replication where all the treatments are present once. Such an incomplete block design
is called resolvable. If v is equal to the product of b and k, resolvable Alpha Designs are
possible. We describe them in Section 5.

4. Analysis of a BIBD with R

In a BIBD, the treatment effects are usually estimated with the intrablock
analysis and the Least Squares Method using matrix solution of the normal
equations with b = (X’X) �1X’y and the variance of a varietal contrast p’b is found as
σ2 p’(X’X)�1p. However, now BIBD trials are analyzed with recovery of interblock
analysis using a mixed model where the replications and treatments are fixed
factors, the incomplete block effects in the replications and the experimental error are
random effects. With the REML (Restricted Maximum Likelihood method) from
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Patterson and Thompson [18], the variance components are estimated. These
estimated variance components are then inserted into the variance-covariance
matrix V. The practical best linear unbiased estimator for b is calculated as
b = (X’V �1 X)� 1X’ V �1 y.

In R, the intrablock analysis and the recovery of interblock analysis information
can be done. We demonstrate this with the following example of Cochran and Cox
[16] page 443–444; with the following example of an experiment in a resolvable
Balanced Incomplete Block Design with v = 6 treatments, k = 2 number of units per
block, b = 15 number of blocks, r = 5 number of replications and λ = r�(k – 1)/(v –
1) = 5�(2–1)/(6–1) = 1.

The objective of this experiment was to compare the effects of length of cold
storage on the tenderness and flavor of beef roasts. The treatments were six
periods of storage (0, 1, 2, 4, 9 and 18 days); these are denoted by the treatment
symbols 1, 2, 3, 4, 5, 6, respectively. Thirty roasts from the round of an animal
were used. Four muscles are provided 6 roasts, while 3 muscles each provided
2 roasts. The roasts from any muscle group naturally pair up, as each roast on
the left side of an animal corresponds to a roast on the right side. From previous
experience, it was believed that the 2 roasts in any pair would give the same results,
hence these two roasts form a block. Variation among different pairs from the
same muscle was expected to be somewhat larger, and variation among muscles to be
still larger.

These options prompted the use of an incomplete block design in blocks of k = 2,
each block comprising the left and right roasts in a pair. When grouping the blocks
into replications, it was natural to put roasts from the same muscle to the same
replicate. In this case, the first 4 muscles could be allocated to separate replications,
allowing for a distinct replicate to be formed for each muscle. The remaining replica-
tion consisted of the 3 smaller muscles.

The treatments in a block were randomized. The order of the blocks from the
design of this resolvable BIBD was also randomized per replication. Scoring for ten-
derness was done by 4 judges, each marking on a scale from 0 to 10. The scores shown
are their total (out of 40). A high score indicating very tender beef.

The plan of this experiment with the treatment in parentheses and the scores for
tenderness are given below.

Rep I Rep II Rep III Rep IV Rep V

Block 1 (1)
7 (2) 17

Block 4 (1)
17 (3) 27

Block 7 (1)
10 (4) 25

Block 10 (1)
25 (5) 40

Block 13 (1)
11 (6) 27

Block 2 (3)
26 (4) 25

Block 5 (2)
23 (5) 27

Block 8(2)
26 (6) 37

Block 11 (2)
25 (4) 34

Block 14 (2)
24 (3) 21

Block 3 (5)
33 (6) 29

Block 6 (4)
29 (6) 30

Block 9 (3)
24 (5) 26

Block 12 (3)
34 (6) 32

Block 15 (4)
26 (5) 32

The analysis with R is as follows for the BIBD from Cochran and Cox [16], page
443–444.
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Note: The coefficient rep2 represents the estimated difference in effect between
rep 2 and rep 1.

The coefficient treat2 represents the estimated difference in effect between treat
2 – treat 1.

The estimate of the Standard error for the differences between the least
squares means of two treatment means is the same in the case of a BIBD the same.
Estimate for the variance σ2 is square of residual standard errors = 2.271, hence
s2 = 7.734 with 10 degrees of freedom. The estimate of the Standard error
for the differences between the least squares means of two treatment means is
√[2�k�s2/ (λ v)] = √[2�2�7.734/(1�6)] = 2.271, where λ = r�(k – 1)/(v – 1) = 5�(2–1)/
(6–1) = 1.

Note: The estimate of the Standard error for the least squares estimate of a
treatment mean is same in the case of a BIBD the same. Estimate for the variance σ2 is
square of residual standard error s = 2.271, hence s2 = 7.734 with 10 degrees of
freedom. The estimate of the Standard error for the least squares estimate of
treatment mean is with λ = r�(k – 1)/(v – 1) = 5�(2 – 1)/(6 – 1) = 1 given by √[(s2/
(r�v))�(1 + (k�r�(v-1)/(λ�v))] = √[(7.734/(5�6))))�(1 + (2�5�(6 – 1)/
(1.6))] = √2.40613 = 1.551.
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Note: To get the interblock estimates, we must use the mixed model with the
random effect of blocks in replications. We use, therefore, the R-package lme4.
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Note: To get the estimates for the fixed effects rep and treat, we use the R-
package lmerTest.

5. Alpha designs

Patterson and Williams [17] introduced the concept of Alpha designs for variety
trials in binary connected incomplete block designs with a block size of k. They start
with a rectangular array with column lengths k (the size of the incomplete blocks) of
the sequence of 1, … ,v varieties and shift the columns according to an array. For many
combinations of varieties v and block sizes k, they give a procedure to construct Alpha
designs. The name “Alpha” comes from the first letter in the Greek alphabet that was
used to construct the design. John and Williams [19] made more Alpha designs based
on cyclic designs; see for the definition of cyclic design chapter 3 of their book.
Tables of cyclic designs are given by John et al. [20] and Lamacraft and Hall [21].
There is a computer program CycDesigN [22] available to generate incomplete block
designs as alpha designs and cyclic designs (see the website of VSN-international:
http://www.vsni.co.uk/software/cycdesign/). This package has general algorithms for
generating incomplete block and row-column designs, which give better results than
the alpha and cyclic construction methods. In variety testing trials one wants to use
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resolvable incomplete block designs where the design can be divided into r groups (=
replications) such that each group contains each of the v crosses exactly once.

The resolvable incomplete block designs, and particularly the so-called generalized
lattice (GL) or Alpha designs, have become most suitable for crop variety trials;
because they make it easier to find designs for a large number of varieties and
different (even small) sizes of incomplete blocks, see Williams [23] and Patterson
et al. [24].

The program CycDesigN [22] gives such resolvable incomplete block designs. All
these above-mentioned designs are connected. In a connected incomplete block
design, one can estimate all differences between the varieties. Patterson and Silvey
[25] indicate about 70% saving in use of land and labor for variety trials, if certain
incomplete block designs are adopted rather than complete block designs. Partially
replicated designs are now very popular for large variety trials: see e.g. Cullis et al. [26]
and Williams et al. [27].

One well-known other block design procedure is the OPTEX procedure from the
SAS package but numerous other packages are available including a number of open-
source R packages.

In oil palm breeding trials, the alpha designs are very useful to make connected
partial diallel or incomplete diallel crossing scheme of the female parent dura
and the male parent pisifera to produce the wanted tenera hybrids. Because the
tenera palms are planted at the corners of equilateral triangles with side lengths of 9 m,
the plots with 6 � 6 palms are quite large. The Alpha designs of Patterson and
Williams are then used to find resolvable incomplete block designs with the
computer program CycDesigN. This is described in Verdooren [28]. See further
Verdooren et al. [29] where the analysis of oil palm breeding trials in incomplete block
designs is given for estimating the General Combining Ability of the parents using
mixed models.

The varietal effects are usually estimated with the intrablock analysis and the Least
Squares Method using matrix solution of the normal equations with b = (X’X)� 1X’y
and the variance of a varietal contrast p’b is found as σ2 p’(X’X)� 1p. However, now
varietal trials are analyzed with recovery of interblock analysis information using a
mixed model where the replications and varieties are fixed factors, the incomplete
block effects in the replications and the experimental error are random effects.

With the REML (Restricted Maximum Likelihood) method of Patterson and
Thompson [15], the variance components are estimated. These estimated variance
components are then inserted into the variance-covariance matrix V. The practical
best linear unbiased estimator for b is calculated as b = (X’V �1 X)� 1X’ V �1 y. In R,
the intrablock analysis and the recovery of information with interblock analysis can
be done.

6. Analysis of an Alpha Design with R

Kuehl [2] gives the following exercise 10.4. A variety trial was conducted in an
alpha design α(0,1,2) resolvable design; α(0,1,2) means an alpha design with: 0 some
varieties are not together in a block, 1 some varieties are one times together in a block;
2 some varieties are twice together in a block. There were v = 18 varieties in r = 4
replicate groups. Hence, this is a resolvable design. There were 3 blocks with 6
varieties in each replicate. Hence, the block size is k = 6 and the number of blocks
b = 4�3 = 12.
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Varieties 1 and 5 are control varieties. The table gives first the yield y in kg/plot and
then in parentheses the variety number.

Replicate I

Block

1 88.2 (5) 82.5 (10) 84.3 (15) 87.0 (6) 84.5 (12) 88.9 (8)

2 82.4 (1) 82.9 (14) 83.1 (3) 84.7 (13) 83.3 (16) 89.0 (4)

3 93.1 (2) 82.7 (11) 88.9 (17) 88.6 (18) 84.1 (9) 87.5 (7)

Replicate II

Block

4 85.4 (4) 73.0 (11) 84.2 (7) 80.3 (14) 79.6 (10) 86.0 (6)

5 87.9 (8) 85.1 (9) 79.4 (18) 80.7 (13) 89.3 (5) 81.5 (3)

6 82.4 (1) 88.5 (2) 87.0 (12) 85.4 (17) 85.9 (15) 79.1 (16)

Replicate III

Block

7 83.6 (6) 79.4 (17) 81.3 (4) 80.5 (9) 80.9 (8) 79.3 (1)

8 80.4 (7) 88.2 (5) 82.3 (14) 88.0 (12) 90.0 (2) 83.6 (3)

9 81.4 (18) 84.8 (15) 81.0 (10) 81.2 (13) 79.1 (11) 83.8 (16)

Replicate IV

Block

10 80.5 (16) 77.1 (11) 84.4 (17) 90.4 (6) 82.9 (14) 83.0 (12)

11 87.9 (8) 78.9 (18) 81.4 (1) 83.5 (2) 82.2 (15) 79.0 (3)

12 84.2 (7) 83.0 (10) 87.6 (9) 81.7 (13) 91.3 (5) 87.4 (4)

The analysis with R is as follows for the Alpha Design from Kuehl [2],
Exercise 10.4.
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Note: To get the estimate of a treatment mean with the Least Squares Method, we
use the R-package lsmeans.
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Note: Interblock analysis with recovery of information.
Model with replicate and variety is fixed and blocks in the replicates are random.
We use the R-packages lme4 and lmerTest.
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Chapter 6

Perspective Chapter: Using Effect
Sizes to Study the Survival
Difference between Two Groups
Huan Wang, Li Sheng and Dechang Chen

Abstract

Statistical tests are often used to detect the difference in survival between two
groups. Small p-values, say less than 0:05, are commonly used to declare significant
differences. The problem is that p-values do not tell how much the differences are.
An alternative is to use effect sizes to detect the difference in survival between two
groups. Effect sizes provide numerical numbers to quantify the differences. In this
study, we reviewed the effect size ESG that was developed recently by Wang, H.,
Chen, D., Pan, Q. et al. The effect size ESG is not only unaffected by the change in
sample sizes but also applicable no matter if hazards are proportional. We presented
some applications of the effect size in comparing different groups of patients with
prostate cancer. The results showed that the effect size ESG performed well in
detecting and quantifying the difference in survival between two groups.

Keywords: prostate cancer, survival analysis, effect size, p-values, sample size

1. Introduction

To assess differences in survival between two groups (populations), the most
common practice is to perform a hypothesis test and report the p-value. A small
p-value indicates a statistically significant difference in survival between the two
groups, while a large p-value could indicate the opposite. Thus, p-values do reflect
differences in survival to some extent.

However, because the p-value is susceptible to variations in sample sizes, it is not
an adequate measure of the difference in survival. When performing a test, the value
of the test statistic and p-value are calculated using samples. If the sample size is small,
a large insignificant p-value may be produced; if the sample size is large, a small
significant p-value may be obtained. Thus, different sample sizes can yield inconsis-
tent conclusions. The p-values can be calibrated according to sample sizes. But in
general, p-values are used without regard to sample sizes, and such p-values are not
appropriate measures of survival differences. For the same reason, the value of the
test statistic is not suitable either for measuring differences in survival. A natural
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question is: Which measure, other than the test statistic value and p-value, better
describes the survival difference between two groups?

The effect size may be a good choice for such a measure [1, 2]. An effect size is a
quantitative measure of the magnitude of a difference between two groups and is not
affected by changes in the sample size. An effect size differs from a p-value in that the
former is a direct measure of the strength of the effect (difference) while the latter is a
measure of how likely the observed difference is due to chance [3].

In the absence of censoring, there are extensive studies about effect sizes and many
effect sizes are available, e.g., correlation coefficient, odds ratio, relative risk, and
Cohen’s d [4], etc. However, there are not many studies on effect sizes assessing the
difference in survival for time-to-event data. The theory behind effect sizes with the
presence of censoring is more complicated than that without censoring. It is not trivial
at all to obtain effect sizes in cases where censoring occurs.

Below we briefly review the effect sizes associated with censoring. The hazard
ratio is one commonly used effect size for right-censored data. Hazard ratios come
from the Cox modeling [5] based on the assumption of proportional hazards. If the
assumption of proportional hazards is violated, a hazard ratio can fail to capture the
relative difference in survival between two groups [6]. The average hazard ratio
(AHR) [7] and the restricted mean survival time (RMST) [8] are two types of esti-
mates of effect sizes without the assumption of proportional hazards. However, it is
not easy to interpret AHR because of its complex definition. The use of RMST appears
to be limited by the difficulty in selecting the appropriate time period for calculating
estimates. Recently, Wang et al. [9] proposed to use the weighted differences in
hazards as effect sizes for studying the survival difference between two groups. Their
proposed effect sizes can be applied with or without the proportional hazards
assumption. In this study, we investigate survival differences between two groups by
using ESG, one of the effect sizes in [9]. Advantages of using ESG include its good
performance and ease of computation and interpretation.

This study is based on the work in [9] and [10]. It is organized in the following
way. Section 2 reviews the effect size ESG, its estimate, its properties, and its partition
rule. Section 3 illustrates some applications of the effect size in comparing different
cohorts of patients with prostate cancer. We conclude in Section 4.

2. The effect size and its estimate

2.1 Definition of the effect size

Suppose we would like to compare the survival difference between Group 1 and
Group 2. For the Group i i ¼ 1, 2ð Þ, we use the following notations:

• λi tð Þ – the hazard function

• Si tð Þ – the survival function of the failure time

• S ∗
i tð Þ – the survival function of the censoring time

• πi tð Þ – set to be Si tð ÞS ∗
i tð Þ, which is the probability of being at risk at time t

We have the following effect size [9].
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ESG ¼
ð∞
0
π1 tð Þπ2 tð Þ λ1 tð Þ � λ2 tð Þð Þ dt: (1)

The effect size ESG is derived on the basis of the Gehan-Wilcoxon test statistic [11].
An interpretation of the effect size comes directly from the formula (1). In fact, the
formula states that ESG is a weighted difference between two hazard functions λ1 tð Þ
and λ2 tð Þ with the weight equal to π1 tð Þπ2 tð Þ ¼ S ∗

1 tð ÞS ∗
2 tð ÞS1 tð ÞS2 tð Þ. The term

“weighted” is used here because of the integration in (1). It is seen that the weight at
time t, i.e., S ∗

1 tð ÞS ∗
2 tð ÞS1 tð ÞS2 tð Þ is the probability that the observed times (either

failure time or censoring time) of both groups exceed t.
It is important to note that the effect size ESG represents the weighted difference in

hazards for the largest time period of study for which censoring is possible for both
groups. Therefore, ESG can be employed to compare the two groups for the time
period of study which is designed to compare the two groups. For example, consider
the scenario where the study is terminated at time ~t. Since S ∗

1 tð Þ ¼ S ∗
2 tð Þ ¼ 0 for t>~t,

so that π1 tð Þ ¼ π2 tð Þ ¼ 0 for t>~t, we have ESG ¼ Ð~t0π1 tð Þπ2 tð Þ λ1 tð Þ � λ2 tð Þð Þdt. Then it is
seen that ESG only computes the weighted difference before time ~t and thus the effect
size ESG only compares the two groups before time ~t.

If we switch the positions of λ1 tð Þ and λ2 tð Þ in (1), then the resulting effect size will
be negative of the effect size defined in (1). Because of this, it is often convenient to
talk about the absolute value of the effect size, that is, ∣ESG∣. Therefore, using λ1 tð Þ �
λ2 tð Þ or λ2 tð Þ � λ1 tð Þis not of main concern.

In practice, it is impossible to compute ESG in (1). However, it is easy to compute
an estimate of the effect size using sample data.

2.2 Estimate of the effect size

Suppose there are two samples of survival data from the two groups under study.
Sample 1 from Group 1 has a size n1, and Sample 2 from Group 2 has a size n2. Let
n ¼ n1 þ n2: Combine the two samples and let t1, … , tJ be the distinct failure times in
increasing order from the pooled sample. For any j 1≤ j≤ Jð Þ, we use the following
notations:

• D1j – the number of subjects who failed at tj in sample 1

• D2j – the number of subjects who failed at tj in sample 2

• Y1j – the number of subjects who were at risk at tj in sample 1

• Y2j – the number of subjects who were at risk at tj in sample 2

• Yj – the total number of subjects who were at risk at tj in both samples

Define [9].

ÊSG � n
n1n2

XJ

j¼1

Yj

n
D1jY2j

Yj
�D2jY1j

Yj

� �
: (2)

Then ÊSG is an estimate of the effect size ESG.
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2.3 Properties of the effect size

The effect size ESG has many nice properties. Below we list some of them [9].

a. ESG is equal to the probability that a randomly selected subject from Group 2
can be observed to live longer than a randomly selected subject from Group 1
minus the probability that a randomly selected subject from Group 1 can be
observed to live longer than a randomly selected subject from Group 2.

b. ESG lies inside the interval �1, 1½ �.

c. A positive (negative) effect size ESG implies a “higher” (“lower”) hazard in
Group 1 than in Group 2.

d. The effect size depends on the censoring survival functions, i.e., S ∗
1 tð Þ and

S ∗
2 tð Þ.

e. If the assumption of proportional hazards holds, i.e., the hazard ratio λ1 tð Þ
λ2 tð Þ equals

constant r, then ESG≈ r�1
rþ1 for light censoring in both groups.

f. If the integrand in (1) is absolutely integrable, ÊSG converges (in probability) to
ESG as n ! ∞.

Property (a) provides another interpretation of the effect size ESG. From property
(a), we see that ESG does not directly compare failure times between groups but
rather compares observed times. Property (b), coming directly from (a), gives the
range of the effect size. So we know ∣ESG∣ ranges from 0 to 1. Property (c) explains the
sign of the effect size. Property (d), following from formula (1), emphasizes the fact
that sizes of censoring survival functions impact the magnitudes of the effect size. If
light censoring occurs for both groups, i.e., S ∗

1 and S ∗
2 are close to 1, the effect size and

hazard ratio depend on each other (approximately) and the relationship is described
by property (e). Property (f) states that the effect size and its estimate will be
sufficiently close for large samples.

2.4 Partition of values of the effect size

The effect size ESG quantifies the survival difference between the two groups. In
many cases, a single value of the effect size is not enough and we would like to know if
an effect size is sufficiently large to be (practically) meaningful. For instance, in a
clinical setting, one may need to evaluate the clinical meaningfulness of the magnitude
of an effect size. Therefore, we need certain rules to determine if an effect size is
small, medium, or large. This involves partitioning the values of the effect size.

Assume that the failure times in the two groups are exponentially distributed. Also.
assume that the censoring times in the two groups are exponentially distributed. Then
using the widely used rule of thumb on the magnitude of Cohen’s d, we have Table 1
[9] which shows a list of small, medium, and large effect sizes for selected censoring
rates CRi in group i. The rate CRi can be estimated by the corresponding observed
censoring rate. When an estimate of the effect size is available, we can use the table to
determine if the effect size is small, medium, or large. Here are the steps. First, locate
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the triplet of numbers according to the censoring rates. Then use the midpoints of
adjacent numbers in the triplet to construct three consecutive and disjoint intervals
for small, medium, and large effect categories. And finally, the decision is made by
checking which interval contains the effect size. For instance, for CR1 ¼ 10% and

CR1 Norms CR2

0% 10% 20% 30% 40% 50% 60% 70% 80% 90%

Small 0.13 0.12 0.11 0.10 0.09 0.08 0.07 0.06 0.04 0.02

0% Medium 0.31 0.29 0.27 0.24 0.22 0.19 0.16 0.12 0.09 0.04

Large 0.47 0.44 0.40 0.36 0.32 0.27 0.22 0.17 0.12 0.06

Small 0.12 0.11 0.11 0.10 0.09 0.08 0.07 0.05 0.04 0.02

10% Medium 0.30 0.28 0.26 0.24 0.21 0.18 0.15 0.12 0.08 0.04

Large 0.46 0.43 0.39 0.35 0.31 0.27 0.22 0.17 0.12 0.06

Small 0.12 0.11 0.10 0.09 0.09 0.08 0.07 0.05 0.04 0.02

20% Medium 0.29 0.27 0.25 0.23 0.20 0.18 0.15 0.12 0.08 0.04

Large 0.44 0.41 0.38 0.34 0.30 0.26 0.22 0.17 0.12 0.06

Small 0.11 0.10 0.10 0.09 0.08 0.07 0.06 0.05 0.04 0.02

30% Medium 0.27 0.25 0.24 0.22 0.20 0.17 0.15 0.12 0.08 0.04

Large 0.42 0.40 0.36 0.33 0.29 0.26 0.21 0.17 0.12 0.06

Small 0.10 0.09 0.09 0.08 0.08 0.07 0.06 0.05 0.04 0.02

40% Medium 0.25 0.24 0.22 0.21 0.19 0.16 0.14 0.11 0.08 0.04

Large 0.40 0.38 0.35 0.32 0.28 0.25 0.21 0.16 0.11 0.06

Small 0.09 0.09 0.08 0.08 0.07 0.06 0.06 0.05 0.03 0.02

50% Medium 0.23 0.22 0.21 0.19 0.17 0.16 0.13 0.11 0.08 0.04

Large 0.37 0.35 0.33 0.30 0.27 0.24 0.20 0.16 0.11 0.06

Small 0.08 0.07 0.07 0.07 0.06 0.06 0.05 0.04 0.03 0.02

60% Medium 0.20 0.19 0.18 0.17 0.16 0.14 0.12 0.10 0.07 0.04

Large 0.34 0.32 0.30 0.28 0.25 0.22 0.19 0.15 0.11 0.06

Small 0.06 0.06 0.06 0.06 0.05 0.05 0.04 0.04 0.03 0.02

70% Medium 0.17 0.17 0.16 0.15 0.14 0.13 0.11 0.09 0.07 0.04

Large 0.29 0.28 0.26 0.24 0.22 0.20 0.17 0.14 0.10 0.06

Small 0.05 0.05 0.04 0.04 0.04 0.04 0.04 0.03 0.03 0.02

80% Medium 0.13 0.13 0.12 0.12 0.11 0.10 0.09 0.08 0.06 0.04

Large 0.23 0.22 0.21 0.20 0.19 0.17 0.15 0.13 0.09 0.05

Small 0.03 0.03 0.03 0.02 0.02 0.02 0.02 0.02 0.02 0.01

90% Medium 0.08 0.07 0.07 0.07 0.07 0.07 0.06 0.06 0.05 0.03

Large 0.14 0.14 0.13 0.13 0.12 0.11 0.11 0.09 0.07 0.05

Table 1.
Small, medium, and large effect sizes ESG. The censoring rate in group i is denoted by CRi (i ¼ 1, 2).
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CR2 ¼ 20%, the triplet consists of 0.11, 0.26, 0.39. Using the midpoint 0.19 of 0.11 and
0.26 and midpoint 0.33 of 0.26 and 0.39, we construct three consecutive and disjoint
intervals: 0,0:19½ Þ, 0:19,0:33½ Þ, and 0:33,1½ �. Then our rule of thumb is: for CR1 ¼ 10%
and CR2 ¼ 20%, the effect size ESG is small if ∣ESG∣ ∈ 0,0:19½ Þ, medium if
∣ESG∣ ∈ 0:19,0:33½ Þ, and large if ∣ESG∣ ∈ 0:33,1½ �. Therefore, if an estimate ÊSG ¼ 0:45,
we can say that the effect size ESG is large.

Table 1 clearly shows that for a given effect size, its category (small, medium, or
large) depends on the censoring rates CRi. Two effect sizes with the same numerical
number can have two different categories (e.g., one is small and the other is large)
because of the different censoring rates. And two effect sizes with different numerical
numbers can have the same category. Therefore, using the only numerical value of an
effect size, one cannot determine if this effect size is small, medium, or large. If two
comparisons have comparable censoring rates, one could compare two effect sizes by
using only their numerical values.

Note that Table 1 is obtained under the assumption that both failure and censoring
times follow exponential distributions. This assumption may be violated in practice. In
cases where this assumption does not hold, the rule resulting from the table serves as a
simple and useful reference.

3. Examples

In this section, we present some applications of the effect size ESG in comparing
survival times of patients with prostate cancer. Disease-specific survival data with a
primary diagnosis of prostate cancer during 2013–2015 were obtained from 17 data-
bases of the surveillance, epidemiology, and end results Program (SEER) of the
National Cancer Institute [12]. The years of diagnosis were chosen to ensure at least
5 years of follow-up and suitable sample sizes. The primary tumor (9 levels: T1a, T1b,
T1c, T2a, T2b, T2c, T3a, T3b, T4), regional lymph nodes (2 levels: N0 and N1), and
distant metastasis (4 levels: M0, M1a, M1b, M1c) were considered with definitions
according to the AJCC Cancer Staging Manual, 7th edition [13]. Combinations of the
primary tumor, regional lymph nodes, and distant metastasis are used to define
groups in this study. For instance, T1aN0M0 defines a group of survival times for the
patients whose tumor size is T1a, lymph node status is N0, and distant metastasis
status is M0. For each possible group, the corresponding SEER dataset represents a
sample.

3.1 Example 1

This example illustrates how to use ESG to examine differences in survival between
groups. We consider three groups: Group 1, Group 2, and Group 3 defined by
T1cN0M1b, T4N1M1b, and T4N1M1c, respectively. The SEER data provides us with
three samples for Groups 1, 2, and 3, with sample sizes of 1009, 311, and 146,
respectively. Figure 1 shows the Kaplan–Meier [14] curves based on the three sam-
ples. This figure clearly indicates that the difference in survival between Group 1 and
Group 2 is smaller than that between Group 1 and Group 3.

Calculation shows that ÊSG between Group 1 and Group 2 is �0:207 and ÊSG
between Group 1 and Group 3 is �0:374. Since the absolute values of �0:207 are
smaller than that of �0:374, assuming Group 2 and Group 3 have a similar censoring
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rate, we conclude that the survival difference between Group 1 and Group 2 is smaller
than that between Group 1 and Group 3, which is consistent with the observation in
Figure 1. Furthermore, Table 1 can be used to give a stronger comparison. Since the
estimated censoring rates in Groups 1, 2, and 3 are 43:7%, 27:3%, and 21:2%, respec-
tively, it follows from Table 1 that ESG between Group 1 and Group 2 is medium and
ESG between Group 1 and Group 3 is large.

On the other hand, we could use statistical tests to examine the differences
between groups. For instance, the p-values of the Gehan-Wilcoxon test between
Group 1 and Group 2 and between Group 1 and Group 3 are, respectively, 4:8� 10�11

and 9:9� 10�22. These two p-values show that both the differences in survival
between Group 1 and Group 2 and between Group 1 and Group 3 are significant.
However, it is hard for us to use the p-values to imagine how much the differences are
without looking at Figure 1. Furthermore, since 9:9� 10�22 is smaller 4:8� 10�11, we
tend to conclude that the survival difference between Group 1 and Group 3 is larger
than that between Group 1 and Group 2. But, it is hard for us to imagine the discrep-
ancy between the two differences without looking at the survival curves.

This example demonstrates that even though p-values and effect sizes can be used
to compare groups, p-values are in general less informative than effect sizes.

3.2 Example 2

As shown in Example 1, we compute values of ESG (and censoring rates) and then
use them to differentiate differences between groups. However, p-values may not be
sufficient for us to do so, as illustrated in this example. Similar to Example 1, we
consider three groups: Group 1, Group 2, and Group 3 defined by T1cN1M1a,
T3aN0M1b, and T3aN1M1b, respectively. Note that these groups are different from
those in Example 1. The SEER samples for Groups 1, 2, and 3 have sizes of 68, 111, and

Figure 1.
Kaplan–Meier curves of T1cN0M1b,T4N1M1b,T4N1M1c in Example 1.
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53, respectively. Figure 2 shows the Kaplan–Meier curves of the three samples. This
figure indicates that the difference in survival between Group 1 and Group 2 is smaller
than that between Group 1 and Group 3.

Calculation shows that ESG estimates between Group 1 and Group 2 and between
group 1 and group 3 are �0:168 and �0:198, respectively. The estimated censoring
rates in Groups 1, 2, and 3 are 58:8%, 48:6%, and 47:2%, respectively, so, from
Table 1, ESG between Group 1 and Group 2 is medium and ESG between group 1 and
group 3 is large. Thus, the difference in survival between Group 1 and Group 2 is
smaller than that between Group 1 and Group 3, which is consistent with the obser-
vation in Figure 2.

If using the Gehan-Wilcoxon test to examine the differences between groups, the
p-values of the test between Group 1 and Group 2 and between Group 1 and Group 3
are, respectively, 0:0259 and 0:0271. Since 0:0259 is smaller than 0:0271, with our
common rule that a smaller p-value shows more significance, we would conclude that
the survival difference between Group 1 and Group 2 is bigger than that between
Group 1 and Group 3. Unfortunately, this conclusion contradicts our observation in
Figure 2.

This example demonstrates a) a smaller p-value does not always mean a more
significant result (See more related simulation results in [9].); and b) effect sizes can
differentiate differences between groups when p-values fail to do so.

3.3 Example 3

The proposed effect sizes can be applied no matter if hazards are proportional.
Here we present one example with non-proportional hazards, which ESG can be
applied to study the difference between two groups, while the hazard ratio approach
fails to do so. We consider the following two groups: Group 1 and Group 2 defined to

Figure 2.
Kaplan–Meier curves of T1cN1M1a,T3aN0M1b,T3aN1M1b in Example 2.
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be T1cN0M1c and T3bN0M1b, respectively. The samples for Groups 1 and 2 have
sizes of 154 and 112, respectively. Figure 3 shows the Kaplan–Meier curves of the two
samples. This figure indicates a clear difference in survival between Group 1 and
Group 2.

The Grambsch–Therneau test [15] for examining the proportional hazard assump-
tion gives a p-value of 0:012, suggesting that the ratio of hazard rates would depend
on time and thus would not be an appropriate effect size. Regardless of the violation of
the proportional hazards assumption, the use of the Cox proportional hazards model
would provide an estimated hazard ratio (Group 1 over Group 2) of 1:264 with a wide
confidence interval (CI) (95% CI: 0:913 to 1:751). These estimates are not very infor-
mative when assessing if the two groups differ in survival. Therefore, the hazard ratio
approach should not be used to examine the survival difference between Group 1 and
Group 2.

In comparison, the p-value of the Gehan-Wilcoxon test is 0:026, which shows a
significant difference in survival between Group 1 and Group 2. With effect sizes, we
have ÊSG ¼ 0:14 (95% CI: 0:02 to 0:26, a bootstrap CI [16] based on 100,000 boot-
strap samples). Note that the CI does not contain 0, so the two groups differ in
survival. Furthermore, the positive effect size indicates that Group 1 has a shorter
survival than Group 2. Since the censoring rates in Group 1 and Group 2 are 42:2% and
44:6%, respectively, from Table 1, we see that there is a medium effect size between
the two groups.

This example demonstrates an application of the effect size ESG to measure the
difference in survival between two groups where the proportional hazards assumption
does not hold. With non-proportional hazards, the traditional hazard ratio in general
can not serve as an effect size.

As shown above, the effect size ESG has direct applications in practice. It is
particularly useful when repeated comparisons of survival differences are required.

Figure 3.
Kaplan–Meier curves of T1cN0M1c and T3bN0M1b in Example 3.
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For instance, when integrating additional variables/factors into the TNM staging
system for cancer, assessing the survival difference is needed for many pairs of groups
and two groups can be merged if the effect size assessing their survival difference is
small. See [17, 18] for studies that applied the effect size ESG and the Ensemble
Algorithm for Clustering Cancer Data [19–24] to update and improve the staging
system for thyroid and ovarian cancers.

4. Conclusion

We have reviewed the effect size ESG and its estimate for comparing the survival
difference between two groups. The effect size ESG quantifies the survival difference
between two groups over the time period of investigation. One can claim a small or big
difference in survival according to the effect size and the censoring rates. This is
different from checking the p-value of a statistical test, which may not provide any
insight into the size of the survival difference and could cause misunderstanding. ESG
can be applied no matter if hazards are proportional. This is different from the use of
the hazard ratio, the traditionally used effect size. Applications of hazard ratios
require the assumption of proportional hazards. With non-proportional hazards, haz-
ard ratios can fail to detect and quantify the difference between two groups. We have
also used ESG to compare different groups of patients with prostate cancer. The results
have shown that ESG is a promising effect size for studying differences in survival
between two groups.

There is a need for further research and refinement for our study, which currently
focuses on unadjusted comparison. Our future research endeavors will delve into the
exploration of incorporating methodologies that can be used to adjust important vari-
ables, such as matching, stratification, and inverse probability weighting. This future
work will broaden the scope of scenarios in which ESG can be effectively utilized.
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Chapter 7

Perspective Chapter:
Linear Regression and Logistic
Regression Models
Dilip Kumar Ghosh

Abstract

In this chapter, we have discussed the detailed concept of simple linear regression
and logistic regression analysis. Further we have discussed the procedure of comput-
ing regression coefficients, standard error, t test, Z test, p value and 95% confidence
intervals for simple linear regression and logistic regression analysis. We also
explained that for testing the simple linear regression coefficient, we use t test,
whereas, for testing the logistic regression coefficient, we use Z test. Several examples
on medical data are considered and various related statistics were computed using
manually, R studio package, and Jamovi.

Keywords: regression model, logistic function, odds ratio, scatter diagram,
regression, coefficients, estimators, predicted value

1. Introduction

The method of linear regression is used in predicting the value of one
variable based on the value of another variable. The variable you need to predict is
known as dependent variable, whereas the variable used to predict the other variable’s
value is known as independent variable. This method contains one or more than one
explanatory variables. If it contains only one explanatory variable is called simple
linear regression, otherwise, multiple linear regression model. The regression coeffi-
cients involved in linear equation is estimated using the least squares method of
estimation. Once regression coefficients are estimated, you can fit a model that pre-
dicts the value of dependent variable. Linear regression is used to establish a linear
relation between response and explanatory variable in biological, behavioral, envi-
ronmental, social sciences, business etc. Montogomery et al. [1], Rencher and Bruce
[2], Swaminathan [3] and Lane [4] discussed regression analysis with several exam-
ples. Further, Noce and McKeown [5] discussed a logistic modeling of factors
influencing internet use. While Seo et al. [6] discussed the relations between physical
activity and behavioral.

Logistic regression is a statistical method that is used to establish a relationship
between one dependent variable and one or more than one explanatory variables,
where dependent variable is dichotomous.
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2. Simple linear regression

Suppose random samples (xi1, xi2, … , xin, y1Þ of size n, where i = 1, 2, … , n; is
drawn from a population. The random variables (x1, x2, … , xnÞ are generally known as
predictor variables. However, depending upon situation and with practical point of
view, these random variables are also known with different names. The different
names are independent variables, covariates, regressor and explanatory variables.
Variable y is called as response variable. Sometimes variable y is also known as
dependent variable or outcome variable. Suppose we are willing to establish a linear
regression between response variable y and explanatory variables
(x1, x2, … , xnÞ, then it could be represented by a model,

y ¼ β0 þ β1x1 þ β2x2 þ … þ βnxn þ e (1)

where, β0, β1, β2, … βn are parameters and is known as regression coefficients, e is
random error which is distributed normally with mean zero and variance σ2:

For example, the effect of age, weight, height and walking habit on systolic blood
pressure. This model is called multiple regression models as predicted variables are
more than one.

Suppose we are interested in bi-variate regression model, where Y is response
variable and X is predicted variable. This model is called simple linear regression
model or general linear model. This model is represented by

Y ¼ β0 þ β1X þ e (2)

Where, Y is response variable, X is predicted variable, β0 is intercept, β1 is regression
coefficient and e is random variable; and e is distributed normally with mean zero and
variance σ2: For example, the effect of age on systolic blood pressure.

3. Scatter diagram

A scatter diagram is a two-dimension graph involving the magnitude of the
response variable (Y) and predicted variable (X). Scatter diagram provides a rough
idea about the relationship between response and predicted variables. Following are
the various steps for drawing a scatter diagram:

i. Select the horizontal axis (X) and vertical axis (Y)

ii. Take response variable on Y-axis and predicted variable on X-axis.

iii. Tick the point at the corresponding area of (X, Y).

In the scatter diagram, if the observations are approximately scattered around the
straight line, it shows a linear relationship between response and predicted variables.
Once the relationship is established, one can use simple linear regression model to
know the relationship between the variables. However, if the observations are not
scattered around the straight line, it does not show a linear relationship between the
two variables. In such situation, one can use transformation or non-linear regression
method to find the best fitted regression model.

Example 1: A sample of 15 men of age group 30–70 was collected to investigate the
effect of weight of the patients on the sugar level of the diabetic patients. The data on
the blood sugar level (mg/dl) and weight (in kg) of 15 men are shown in Table 1.
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Draw the scatter diagram and give your interpretation about the data.
From Figure 1, it is clear that approximately all the 15 observations are scatted

around the straight line. Hence, there is linear relationship between blood sugar level
and weight of the person.

3.1 Assumptions underlying linear regression model

For applying any statistical method, first of all, we should study the assumptions
underlying it. So we shall discuss the assumptions of simple linear regression models.
Following are the assumptions:

S. no. Blood sugar level Weight of the patients (in kg)

1 146 50

2 145 48

3 141 46

4 168 69

5 132 40

6 190 80

7 180 70

8 130 38

9 181 75

10 148 59

11 110 30

12 147 54

13 146 51

14 120 35

15 155 65

Table 1.
Blood sugar level and duration of walk of 15 men.

Figure 1.
Scatter diagram.
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i. The regression model is assumed to be linear in parameters.

ii. The error term e is assumed to be normally distributed with mean 0 and
variance σ2, i.e., e σ � N(0, σ2).

3.2 Estimation of parameters

For regression model (2), β1 is the parameter and is constant and unknown which
can be estimated using least squares method of estimation. Model (2) can be rewritten as

yi ¼ β0 þ β1xi þ ei, where i ¼ 1, 2, … , n: (3)

E ¼
Xn
i¼1

e
2

i
¼
Xn
i¼1

yi � β0 � β1xi
� �2 (4)

On differentiating the error sum of squares (E) with respect to β0 and β1 and then
equating them to zero, we can obtain the least squares estimator of β0 and β1.

δE
δβ0

¼ �2
Xn
i¼1

yi � β0 � β1xi
� � ¼ 0 (5)

Xn
i¼1

yi � β0 � β1xi
� � ¼ 0 (6)

So,
Xn
i¼1

yi ¼ nβ0 þ β1
Xn
i¼1

xi (7)

Similarly,
δE
δβ1

¼ �2
Xn
i¼1

yi � β0 � β1xi
� �

xi ¼ 0 (8)

Xn
i¼1

yixi � β0xi � β1 x
2

i

� �
¼ 0 (9)

So,
Xn
i¼1

yixi ¼ β0
Xn
i¼1

xi þ β1
Xn
i¼1

x
2

i
(10)

On solving (7) and (10), we get

bβ1 n
Xn
i¼1

x
2

i
�
Xn
i¼1

xi

 !2
2
4

3
5 ¼ n

Xn
i¼1

yixi �
Xn
i¼1

yi
Xn
i¼1

xi (11)

Hence, bβ1 ¼
n
Pn

i¼1yixi �
Pn

i¼1yi
Pn

i¼1xi
n
Pn

i¼1x
2
i �

Pn
i¼1xi

� �2 (12)

Or, bβ1 ¼
Pn

i¼1yixi � nyxPn
i¼1x

2
i � nx2

(13)

Eq. (12) can easily be written as.
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bβ1 ¼
Pn

i¼1 xi � xð Þ yi � y
� �

Pn
i¼1 xi � xð Þ2 (14)

On dividing the numerator and denominator of the above equation by n, we have,

bβ1 ¼
Cov X,Yð Þ
Var Xð Þ (15)

From (7), we have ny = n bβ0 + n bβ1 x

So, bβ0 ¼ y� bβ1 x (16)

Here, bβ0 and bβ1 are the least square estimator of intercept β0 and slope β1. In the
regression model, slope is called regression coefficient. Hence, on ward β1 will be
called regression coefficient. Thus, for the linear regression method, the fitted
regression model is given by

byi ¼ bβ0 þ bβ1 xi (17)

In the matrix notation, the linear model can be written as

Y ¼ Xβþ e (18)

Where, Y is a vector of n � 1 observations, X is a matrix of n � 2, β is a vector of
2 � 1 parameters, and e is the random error of n � 1.

Using least squares method of estimation, the normal equation is obtained as

X0Y ¼ X0Xβ (19)

On multiplying both side of (19) by X0Xð Þ�1, we have

X0Xð Þ�1 X0Yð Þ ¼ X0Xð Þ�1 X0Xð Þ β (20)

Hence,bβ ¼ X0Xð Þ�1 X0Yð Þ (21)

Where, bβ is the estimate of the regression coefficient β:
In that case, the fitted regression model is given by

bY ¼ bβ0 þ bβ1 X (22)

Example 2: A samples of 15 men of age group 30–70 was collected to investigate
the effect of weight (in kg) of the patients on the blood pressure level of the diabetic
patients. The data on the blood pressure level (mm/hg) and weight (in kg) of 15 men
are shown in Tables 2 and 3.

Where, residual = (y – predicted value of y).

Regression coefficient, bβ1 ¼
n
Pn

i¼1yixi �
Pn

i¼1yi
Pn

i¼1xi
n
Pn

i¼1x
2
i �

Pn
i¼1xi

� �2

¼ 15 x 130284� 2153 x 864

15 x 52622� 864ð Þ2 ¼ 1954260� 1860192
789330� 746496

¼ 94068
42834

(23)
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S. no. Blood pressure level (mm/hg) Weight (in kg)

1 125 50

2 123 48

3 120 46

4 181 73

5 105 40

6 190 80

7 185 75

8 118 45

9 175 74

10 168 69

11 110 43

12 130 54

13 128 51

14 116 44

15 179 72

Table 2.
Blood pressure level and weight of 15 men.

y x y square x square xy Predicted value of y Residual Residual sum of squares

125 50 15,625 2500 6250 126.8429 �1.84293 3.396390985

123 48 15,129 2304 5904 122.4507 0.549282 0.301710716

120 46 14,400 2116 5520 118.0585 1.941494 3.769398952

181 73 32,761 5329 13,213 177.3534 3.646632 13.29792494

105 40 11,025 1600 4200 104.8819 0.11813 0.013954697

190 80 36,100 6400 15,200 192.7261 �2.72611 7.431675732

185 75 34,225 5625 13,875 181.7456 3.25442 10.59124954

118 45 13,924 2025 5310 115.8624 2.1376 4.56933376

175 74 30,625 5476 12,950 179.5495 �4.54947 20.69771368

168 69 28,224 4761 11,592 168.5689 �0.56894 0.323697275

110 43 12,100 1849 4730 111.4702 �1.47019 2.161452755

130 54 16,900 2916 7020 135.6274 �5.62735 31.66711304

128 51 16,384 2601 6528 129.039 �1.03904 1.079595809

116 44 13,456 1936 5104 113.6663 2.333706 5.446183694

179 72 32,041 5184 12,888 175.1573 3.842738 14.76663534

2153 864 322,919 52,622 130,284 2153 119.5140309

Table 3.
Predicted and residual value.

118

Recent Advances in Biostatistics



Hence, bβ1 ¼ 2:196106:

bβ0 ¼ y� bβ1 x ¼ 143:5333–2:196106 � 57:6

¼ 17:03763:

The fitted regression model is given by

bY ¼ 17:03763þ 2:196106 X (24)

r = 0.996 and R2 = 0.991.
From model coefficient (Table 4), it is obvious that regression coefficient of

predictor weight is highly significant as p < 0.001. Also R2 is very close to 1. This
concludes that as the weight of the patient increases, blood pressure increases. That is,
weight is under control, the blood pressure is normal or under normal. In this exam-
ple, weight ranges from 69 to 80, the blood pressure ranges from 179 to 190. However,
weight ranges from 40 to 54, the blood pressure ranges from 105 to 130. Again, when
the weight ranges from 69 to 80, the blood pressure ranges from 168 to 190. Thus,
higher the weight, higher is blood pressure.

3.3 Regression coefficient using R studio package

>y = c(125,123,120,181,105,190,185,118,175,168,110,130,128,116,179)
>x = c(50,48,46,73,40,80,75,45,74,69,43,54,51,44,72)
>result = data.frame(y,x)
> z = lm(y � x,result)
> summary(z)

4. Forecasting or predicted value of Y

Using the fitted model (24), we can easily forecast the blood pressure level
corresponding to its weight. Suppose, weight of a patient is 82 kg then its blood
pressure will be obtained from bY = 17.03763 + 2:196106� 82 = 197.1183.

Residuals:We can obtain the residuals of all the 15 patients using (Y – bYÞ. This value
is shown in Table 3.

R Squares: We can compute R2 using the residual sum of squares from the
expression

R2 ¼ 1� Residual sum of squares
total sum of squares of y

(25)

Predictor Estimate SE t P

Intercept 17.03763 3.3607 5.07 <0.001

β 2:196106 0.0567 38.70 <0.001

Table 4.
Model coefficient.
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Where, residual sum of squares =
P

Y� bY
� �2

= 119.5140309 and is shown in

Table 3.

Total sum of squares of y =
Pn

i¼1y
2
i �

Pn

i¼1
yið Þ2

n = 322,919 –
2153ð Þ2
15 = 13891.73333.

So,R2 ¼ 1� 119:5140309
13891:73333 ¼ 0:9914:

We can also obtain Regression coefficients using the Matrix form as following:

X0 ¼ 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

50 48 46 73 40 80 75 45 74 69 43 54 51 44 72

� �

X0X ¼
15 864

864 52622

" #
,X0Y ¼

2153

130284

" #
and

X0Xð Þ�1 ¼
1:22851006 �0:0201708923

�0:0201708923 0:0003501891

" #

bβ ¼ X0Xð Þ�1X0Y ¼ 17:037634

2:196106

� �
: bβ0 ¼ 17:037634 and bβ1 ¼ 2:196106:

4.1 R studio program to obtain the estimate of regression coefficients

>X = matrix(c(1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,50,48,46,73,40,80,75,45,74,69,43,54,51,
44,72),ncol = 2)

>X0= t(X)
>X0X = X0% ∗%X
>Y = c(125,123,120,181,105,190,185,118,175,168,110,130,128,116,179)
>m = solve(X0XÞ
>X0Y= X0%*%Y
>n=X0Y
>β=m% ∗%n

5. Regression lines

Let the regression model is denoted by Y = a + bX, then the two types of regression
lines are following:

i. Regression line of Y on X and is denoted by bYX

ii. Regression line of X on Y and is denoted by bXY

bYX ¼ n
Pn

i¼1yixi �
Pn

i¼1yi
Pn

i¼1xi
n
Pn

i¼1x
2
i �

Pn
i¼1xi

� �2 ¼ 2:196106 (26)

Regression line of X on Y and is denoted by bXY ¼ n
Pn

i¼1yixi �
Pn

i¼1yi
Pn

i¼1xi
n
Pn

i¼1y
2
i �

Pn
i¼1yi

� �2 ¼ 0:4514 (27)
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6. Expectation and variance of estimators

E bβ0
� �

¼ β0 and E bβ1
� �

¼ β1 (28)

This show that least squares estimators bβ0 and bβ1 are unbiased estimators of β0 and
β1, respectively.

V bβ0
� �

¼ σ2
1
n
þ x2

sum of squares of x

� �
(29)

And V bβ1
� �

¼ X0Xð Þ�1 σ2 ¼ σ2

sum of squares of x
: (30)

Where, σ2 is unknown. It is estimated from the given data as

bσ2 = yi�byi2
n�2

� �
, and sum of squares of x is obtained as

Sum of squares of x =
Pn

i¼1x
2
i �

Pn

i¼1
xið Þ2

n ; where n is number of observations.

Thus, when σ2 is unknown, V( bβ0Þ and V( bβ1Þ is determined as

V bβ0
� �

¼ bσ2 1
n
þ x2

sum of squares of x

� �
and (31)

V bβ1
� �

¼
bσ2

sum of squares of x
: (32)

Again, when σ2 is unknown, standard error of bβ0 and bβ1 are determined as

SE bβ0
� �

¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
V bβ0
� �r

¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
bσ2 1

n
þ x2

sum of squares of x

� �s
and (33)

SE bβ1
� �

¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
V bβ1
� �r

¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

bσ2
sum of squares of x

s
: (34)

Example 3: Consider the example 2, compute the estimate of V( bβ0Þ, V( bβ1Þ and its
standard error.

Solution: From example 2, we have dbβ0 ¼ 17:037634 and bβ1 = 2.196106. Sum of

squares of X =
Pn

i¼1x
2
i �

Pn

i¼1
xið Þ2

n = 52,622 � 8642
15 = 52,622 – 49766.4 = 2855.6.

bσ2 ¼
Pn

i¼1 yi � byi2
� �

n� 2
¼ 119:5140

13
¼ 9:1934:

x ¼
Pn

i¼1xi
n

¼ 864
15

¼ 57:6:

Estimates of the V( bβ0Þ and V( bβ1Þ can be determined from
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V bβ0
� �

¼ bσ2 1
n
þ x2

sum of squares of x

� �

¼ 9:1934
1
15

þ 57:6ð Þ2
2855:6

" # (35)

So, V bβ0
� �

¼ 11:2941844:

V bβ0
� �

¼
bσ2

sum of squares of x
¼¼ 9:1934

2855:6
¼ 0:003219428 (36)

SE bβ0
� �

¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
V bβ0
� �r

¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
11:2941844

p
¼ 3:360682133,

SE bβ1
� �

¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
V bβ1
� �r

¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
0:003219428

p
¼ 0:056740004:

7. Testing of hypothesis of estimated regression coefficients bβ0 and bβ1
For testing the hypothesis that the sample comes from the population for which

the value of β0 is equal to 0. That is,
Our Null hypothesis H0 : β0 ¼ 0
Against the alternate hypothesis H1 : β0 6¼ 0.
Under the null hypothesis, for testing H0 : β0 ¼ 0, we define the test statistics

given by

t ¼
bβ0 � E bβ0

� �

SE bβ0
� � ¼

bβ0 � β0

SE bβ0
� � ¼

bβ0 � 0

SE bβ0
� � (37)

¼
bβ0ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

bσ2 1
n
þ x2

sum of squares of x

� �s , where σ2 is unknown:
(38)

Similarly, for testing the hypothesis that the sample comes from the population for
which the value of β1 is equal to 0. That is,

Our Null hypothesis H0 : β1 ¼ 0.
Against the alternate hypothesis H1 : β1 6¼ 0.
Thus, Under the null hypothesis, for testing H0 : β1 ¼ 0, we define the test statis-

tics given by

t ¼
bβ1 � E bβ1

� �

SE bβ1
� � ¼

bβ1 � β1

SE bβ1
� � ¼

bβ1 � 0

SE bβ1
� � ¼

bβ1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
bσ2

sum of squares of x

r (39)

where σ2 is unknown, and statistics t follows student’s t distribution with (n – 2)
degrees of freedom.
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Example 4: Consider the data given in example 2. Find the effect of weight on
blood pressure of 15 patients, test the null hypothesis for testing the significance of the
regression coefficients cβ0 and bβ1 at 5% level of significance.

Solution: From example 2, we have,

bβ0 ¼ 17:037634, SE bβ0
� �

¼ 3:360682133, and

bβ1 ¼ 2:196106, SE bβ1
� �

¼ 0:056740004:

Under the null hypothesis, for testing H0 : β0 ¼ 0, we have,

t ¼
bβ0 � E bβ0

� �

SE bβ0
� � ¼

bβ0 � β0

SE bβ0
� � ¼

bβ0 � 0

SE bβ0
� � (40)

where σ2 is unknown.

t ¼ 17:037634
3:360682133

¼ 5:069695:

Under the null hypothesis, for testing H0 : β1 ¼ 0, we have

t ¼
bβ1 � E bβ1

� �

SE bβ1
� � ¼

bβ1 � β1

SE bβ1
� � ¼

bβ1 � 0

SE bβ1
� � , where σ2 is unknown: (41)

t ¼ 2:196106
0:056740004

¼ 38:70472:

With α = 0.05, for two sided α, the tabulated value of t at 13 degrees of freedom
with 5% level of significance is 2.160. In case of H0 : β0 ¼ 0, the calculated value of t
(=5.069695) is greater than tabulated value of t, so test is significant. That is, we reject
the null hypothesis. Hence, we may conclude that the value of β0 is not equal to zero.

Similarly, In case of H0 : β1 ¼ 0, the calculated value of t (=38.70472) is greater
than tabulated value of t, so test is highly significant. That is, we reject the null
hypothesis. Hence, we may conclude that the value of β1 is not equal to zero. Thus, the
fitted simple regression model is highly significant. In other word, we can say as the
weight of the patient increases, the chance of blood pressure may increase.

Alternatively, we can also test the significance of regression coefficient β1 using the
analysis of variance Table 5.

Sources of variation Degrees of freedom Sum of squares Mean squares F-Ratio P-value

Regression 1 P
ŷi � y
� �2 SSR/df = MSR MSR/MSE

Error (n � 2) P
yi � ŷi
� �2 SSE/df = MSE

Total (n – 1) P
yi � y
� �2

Table 5.
Analysis of variance.
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Example 5: Consider the data given in example 2. Find the effect of weight on
blood pressure of 15 patients, test the null hypothesis for testing the significance of the
regression coefficients bβ1 at 5% level of significance using analysis of variance Table 5.

Using Table 3, we have Table 6.
Using Table 6, we can obtain the ANOVA table as shown in Table 7.
From Table 7, we can observe the p value for regression coefficient is less than

0.001 as well calculated value of F is very large. Which is greater than tabulated value
of F with (1, 13) degrees of freedom at 5% level of significance, where tabulated value
of F is 4.67. This shows that the test is significant and hence rejects the null hypothesis.

7.1 R studio program for obtaining ANOVA table

>y = c(125,123,120,181,105,190,185,118,175,168,110,130,128,116,179)

y x Predicted value of y (ŷiÞ P
ŷi � y
� �2 P

yi � ŷi
� �2 P

yi � y
� �2

125 50 126.8429 278.568451 3.396390985 343.4832089

123 48 122.4507 444.475264 0.301710716 421.6164089

120 46 118.0585 648.965129 3.769398952 553.8162089

181 73 177.3534 1143.797 13.29792494 1403.753609

105 40 104.8819 1493.93304 0.013954697 1484.815209

190 80 192.7261 2419.93256 7.431675732 2159.154209

185 75 181.7456 1460.17834 10.59124954 1719.487209

118 45 115.8624 765.678707 4.56933376 651.9494089

175 74 179.5495 1297.16479 20.69771368 990.1532089

168 69 168.5689 626.78347 0.323697275 598.6194089

110 43 111.4702 1028.04315 2.161452755 1124.482209

130 54 135.6274 62.5039822 31.66711304 183.1502089

128 51 129.039 210.083689 1.079595809 241.2834089

116 44 113.6663 892.038047 5.446183694 758.0826089

179 72 175.1573 1000.07497 14.76663534 1257.886809

2153 864 2153 13772.2206 119.5140309 13891.73333

Table 6.
Regression, error and total sum of squares.

Sources of variation Degrees of freedom Sum of squares Mean squares F-Ratio P-value

Regression 1 13772.2206 13772.2206 1498.057 <0.001

Error 13 119.5140309 9.193387

Total 14 13891.73333

Table 7.
Analysis of variance.
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>x = c(50,48,46,73,40,80,75,45,74,69,43,54,51,44,72)
>result = data.frame(y,x)
> av. = aov(y � x,result)
> summary(av)

8. Confidence interval of estimated regression coefficients

Now we discuss how to obtain 100% confidence interval of estimated regression
coefficients. In fact we are interested for confidence interval for regression coefficient
β1 only. In fact we generally compute the confidence interval to determine the range.
In case of regression coefficient β1, we wish to determine the lower and upper limit of
the β1. We can obtain the 100% confidence interval of the β1 as

Confidence interval for β1 = bβ1 � t n�2ð Þ,α SE( bβ1Þ for two tailed test.
Example 6: Consider the data given in example 2. Find the effect of weight on

blood pressure of 15 patients. Obtain 100% confidence interval of regression coeffi-
cients bβ1.

Solution: For this data from example 2, we have,

bβ1 ¼ 2:196106, SE bβ1
� �

¼ 0:056740004 and t n�2ð Þ,α ¼ 2:160:

Confidence interval for β1 ¼ 2:196106 � 2:160 � 0:056740004

¼ 2:196106 � 0:122558409

So, lower confidence limit of β1 is 2.196106 � 0.122558409 = 2.073547489.
Upper confidence limit of β1 is 2.196106 + 0.122558409 = 2.318664306.
Thus, the confidence limit of β1 is ranges from 2.073547489 to 2.318664306.
If one is interested for determining the confidence limit of β0, the same procedure

can be used.

9. Logistic regression

Logistic regression is used to obtain odds ratio in the presence of more than one
explanatory variable. The procedure is quite similar to multiple linear regressions with
the exception that the response variable is binomial. The result is the impact of each
variable on the odds ratio of the observed event of interest

We can also say that Logistic regression is used for predicting binary
outcomes on the basis of one or more predictor variables. The concept of
logistic regression is similar to the ordinary multiple linear regression. In this
method we are willing to fit a best model which can determine the relationship
between a response variable and one or more explanatory variables. As in the case of
ordinary linear regression, the form of the model is linear with respect to the
regression parameters, the same is true for the logistic regression. The only difference
between the two regression is following: in logistic regression the response variable is
binary (also called dichotomous), whereas in ordinary linear regression it is continu-
ous. Logistic regression can also be called as a predictive algorithm in which by using
explanatory variables one can predict the dependent variable, just like Linear

125

Perspective Chapter: Linear Regression and Logistic Regression Models
DOI: http://dx.doi.org/10.5772/intechopen.1003183



regression, but with a simple difference that the dependent variable in the logistic
regression should be considered as a categorical variable.

10. Logistic function

For understanding the logistic regression, first we must determine logistics function.
Let us consider the equation of the best fit model in the simple linear regression as

y ¼ β0 þ β1x (42)

where, y is response variable and x is explanatory variable.
Let us replace y by probability P which is given as

P ¼ β0 þ β1x (43)

In (43) value of P may be negative in some case and in some other cases, value of P
may be more than one. However, value of P ranges from 0 to 1 only. This is a
contradiction. To overcome this problem, we can take odds of P instead of probability.
Odds of probability is defined as odd = P

1�P. That is, odds of probability is defined as
the ratio of the probability of success and the probability of failure.

So, from (43), we have

P
1� P

¼ β0 þ β1x: (44)

As we are aware that odds will be always positive, that is odds are ranging from 0
to infinity. Again, to overcome this problem we take the log transformation because
by considering log transformation it will range from � infinity to + infinity.

Log
P

1� P

� �
¼ β0 þ β1x (45)

On taking exponential on both sides of (45), we have

Exp Log
P

1� P

� �� �
¼ exp β0 þ β1x½ � (46)

That is, P
1�P

� �
log(e) = eβ0þβ1x

P
1� P

� �
¼ eβ0þβ1x (47)

P ¼ 1–pð Þ eβ0þβ1x

Pþ Peβ0þβ1x ¼ eβ0þβ1x

P 1þ eβ0þβ1x
� � ¼ eβ0þβ1x

So, P ¼ eβ0þβ1x

1þ eβ0þβ1xð Þ (48)
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On dividing the numerator and denominator of (48) by eβ0þβ1x, we have

P ¼ eβ0þβ1x
� �

= eβ0þβ1x
� �

1þ eβ0þβ1xð Þ= eβ0þβ1xð Þ ¼
1

1þ eβ0þβ1xð Þ=eβ0þβ1x
(49)

Thus, P ¼ 1
1þ e� β0þβ1xð Þ½ � (50)

We can call (50) as a logistic function.
If we consider only one explanatory variable then the graph of simple linear

regression will give a straight line however, the graph of logistic regression will be of S
shape. This is shown in Figure 2.

Logistic regression can also be called as a predictive algorithm in which by using
explanatory variables one can predict the dependent variable, just like Linear Regres-
sion, but with a simple difference that the dependent variable in the logistic regression
should be considered as a categorical variable.

Example 7: A random sample of 300 women were selected, where 300 women are
either suffering with cancer or not. The response of yes will be asked from the 300
women. It is found that 225 women responded yes. The response of yes out of n
sample number follows binomial distribution with parameters n and p. Obtain the
odds ratio.

Solution: Out of 300 women 225 have responded yes for cancer. So, the sample
proportion is

bP ¼ 225
300

¼ 0:75:

Sample proportion cannot be used for finding logistic regression and hence, we
need the odds. Where odds is the ratio of proportion for two outcomes. One outcomes
is “yes” and the other outcomes is “no”. Proportion of yes is 0.75, hence, proportion of
no is 1 � bP = 1 � 0.75 = 0.25.

Odd ratio of yes and no of women cancer ¼
bP

1� bP ¼ 0:75
0:25

¼ 3:

Figure 2.
Shape of linear and logistic regression.
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Hence, odds are 3 to 1 that woman has cancer yes to no. Similarly, we can also say
odds are 1 to 3, that is, women has cancer no to yes is 1 to 3.

Example 8: The sample proportion of women who were detected as cancer patient
is 65%, whereas the sample proportion of men detected as cancer patient is 45%.

In this sample of young adult, it can be observe that the sample proportion of
women detected as cancer patient is 20% higher than the sample proportion
of men detected as cancer. Now we wish to analyze this data using logistic
regression. In this example the predictive variable is sex which is a
categorical variable. So we need to use a numeric code. The better way is to use
a indicator saying whether the adult is women or not. The indicator function is
defined as

x ¼ 1 if the person is women

0, if the person is men

�
(51)

Since, the response is given in proportion, so we transform it into odds. There will
be two odds, one for women and other for men.

Odds for women are given as
bP

1� bP ¼ 0:65
1� 0:65

¼ 0:65
0:35

¼ 1:8571:

Similarly, odds for men is given as
bP

1� bP ¼ 0:45
1� 0:45

¼ 0:45
0:55

¼ 0:8182:

Now we can build the logistic regression model by considering log(odds) as the
linear function of the explanatory variable. Hence, logistics model is defined as

log
bP

1� bP

 !
¼ β0 þ β1x, (52)

where x is explanatory variable, p is the binomial proportion and β0, β1are the
parameters of the logistic regression model.

Here, there are only two values of x and hence write two equations: one for women
and other for men.

For women, log
bP

1� bP

 !
¼ β0 þ β1 � 1 (53)

And for men, log
bP

1� bP

 !
¼ β0 þ β1 � 0 (54)

Because, there is a β1in the equation of women as x = 1. This is missing in the
equation of men as x = 0.

Therefore, the logistic regression model for women and men are following:

Log 1:8571ð Þ ¼ β0 þ β1 (55)

Log 0:8182ð Þ ¼ β0

β0 þ β1 ¼ 0:6190 (56)
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β0 ¼ �0:20065 (57)

On solving (24) and (25), we have

�0:20065þ β1 ¼ 0:6190 (58)

Hence, β1 = 0.6190 + 0.20065 = 0.81965.
Now the fitted logistic regression model is given by

Log oddswomenð Þ ¼ β0 þ β1 (59)

So, oddswomen ¼ eβ0þβ1 (60)

Similarly, oddsmen ¼ eβ0 (61)

oddswomen

oddsmen
¼ eβ0þβ1

eβ0
¼ eβ1 ¼ e0:81965 ¼ 2:269705:

oddswomen ¼ 2:269705� oddsmen:

That is, we can say that odds of women are 2.269705 times odds of men.
Note that, if we have indicator function as

x ¼ 0 if the person is women

1, if the person is men

�
(62)

Then the sign of β1will be negative. That is,

Log oddswomenð Þ ¼ β0:So, oddswomen ¼ eβ0 (63)

Similarly, oddsmen ¼ eβ0þβ1 (64)

oddswomen

oddsmen
¼ eβ0

eβ0þβ1
¼ e�β1 ¼ e�0:81965 ¼ 0:440586

oddswomen ¼ 0:440586 � oddsmen: (65)

Therefore, we can say odds of women are 0.440586 times odds of men.
Example 9: Hemoglobin contain of 20 patients corresponding to their age was

collected at a hospital to know the relationship between hemoglobin and age. The
collected observations are shown in Table 8.

If we use a simple linear regression to find the effect of age on the response
variable Hemoglobin, we obtain the following statistics using software (Table 9).

Hb(g/Dl) Age (Year) Anemic(1 = yes,0 = no)

11.2 15 1

11.3 21 1

11.5 23 1

16.3 25 0

16.5 26 0

10.1 28 1
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Here regression coefficient is significant. That is, there is significant effect of age
on hemoglobin.

As we are aware that the amount of hemoglobin in whole blood is expressed in
grams per deciliter (g/dl). The normal Hb level for males is 14 to 18 g/dl; and for
females is 12 to 16 g/dl. When the hemoglobin level is low, the patient has anemia.

If we are interested to know whether the patient is suffering with anemia then we
have to use the logistic regression method. For this we have to transform the Hemo-
globin data into presence or absence of Anemia. Since, the data belongs to women
patients, so if the value is less than 12, the code is 1, that is women has Anemia, while
the value is more than 12, the code is 0 (no Anemia). This is shown in column 3 of the
Table 8. Now we fit a logistic regression between presence/absence of anemia and
actual age using the software Jamovi. The following statistics is obtained (Table 10).

Hb(g/Dl) Age (Year) Anemic(1 = yes,0 = no)

9.9 30 1

17.1 32 0

17.2 34 0

17.9 36 0

10.1 38 1

11.6 40 1

18.3 43 0

18.6 46 0

18.9 54 0

19.2 56 0

19.6 58 0

19.9 60 0

16.9 62 0

17.2 69 0

Table 8.
Level of hemoglobin and its corresponding age.

Predictor Estimate SE t P

Intercept 9.382 1.7875 5.25 <0.001

Age 0.153 0.0420 3.64 0.002

Table 9.
Model coefficient and 95% confidence.

Predictor Estimate SE t(Z) Odds ratio P 95% confidence interval

Lower Upper

Intercept 3.993 2.1239 1.88 54.216 0.060 0.844 3483.577

Age �0.130 0.0629 �2.06 0.878 0.039 0.776 0.994

Table 10.
Model coefficients and 95% confidence intervals.
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Since p value of regression coefficient (Age) is less than 0.05 and hence test is
significant. That is, as age increases, chance of Anemia decreases.

11. Testing of hypothesis and confidence intervals of logistic regression
coefficient

For testing the hypothesis that the sample comes from the population for which
the value of logistic regression coefficient β1 is equal to 0. That is, Our Null hypothesis
H0 : β1 ¼ 0 against the alternate hypothesis H1 : β1 6¼ 0.

Under the null hypothesis, for testing H0 : β1 ¼ 0, we define the test statistics
given by

Z ¼
bβ1 � E bβ1

� �

SE bβ1
� � ¼

bβ1 � β1

SE bβ1
� � ¼

bβ1 � 0

SE bβ1
� ¼

bβ1
SE cβ1Þ
� ¼ �:130

0:0629
¼ �2:06: (66)

We can obtain the 95% confidence interval of the logistic regression
coefficient β1 as

Confidence interval for β1 = e
bβ1�Z SE bβ1

� �
. That is, lower limit = e

bβ1�Z SE bβ1
� �

and

upper limit = e
bβ1þZ SE bβ1

� �
.

For Example 9, lower limit = e�0:130–1:96�:0629 = 0.776 and upper
limit = e�0:130þ1:96�:0629= 0.993.

12. Conclusions

The main objective of this chapter is to discuss about simple linear regression and
logistic regression analysis. Here, we have explained how to estimate regression coef-
ficients, its standard error, testing of hypothesis of regression coefficients, 95% confi-
dence intervals for simple linear regression and logistic regression model. All the
statistics calculated manually is verified using R studio package and Jamovi package.
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Chapter 8

QoLMiss: Package for Repeatedly
Measured Quality of Life of Cancer
Patients Data
Ankita Pal, Satyajit Pradhan, Aseem Mishra,
Pankaj Chaturvedi and Atanu Bhattacharjee

Abstract

Quality of Life (QoL) has become increasingly important in cancer clinical trials.
The R package QoLMiss is a package developed for computing the different sub-
domains of the European Organization for Research and Treatment of Cancer
(EORTC) questionnaire and also finding a survival link with these sub-domains. This
package contains the scale scoring and survival outcomes of the other domains
obtained from QoL data. The scale scores are also evaluated if there is the presence of
missing data in repeatedly measured QoL data. The cancer specific QLQ are also
considered scoring and survival analysis.

Keywords: quality of life, cancer, QLQ-C30, functional scales, symptom scales, global
health status, hazard ratio, R package

1. Introduction

Current oncology focuses not only on pharmacological treatment but also on a
fuller understanding of the experiences of patients and their families. This will help in
prioritizing the allocation of resources and planning and providing holistic care that
will measurably affect the quality of life [1]. The therapeutic efficacy of a controlled
clinical trial is most often measured in terms of patients’ survival. In cancer trials,
several types of survival times are used, which include disease-free, relapse-free, local
recurrence-free survival, LR recurrence-free survival, progression-free survival,
disinfection-free survival, and overall survival [2].

Nearly every cancer treatment that intends a cure in some way interferes with a
patient’s bodily integrity. Quality of life (QoL) or a person’s well-being encompasses a
broad range of variables describing the patient’s subjective reactions and perceptions
to their environment as long as any treatment fails to expand the lives of patients
exceptionally. The alternative preference is given to the increase in QoL [3]. Under-
standing the social consequences of disease is very important for any treatment pro-
tocol and acknowledging the fact medical intervention aims to increase the length and
QoL. For these reasons, the quality, effectiveness, and efficiency of health care are
often evaluated by their impact on a patient’s QoL [4].
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The statistical analysis of QoL is challenging, so a few assumptions are to be
considered: (i) QoL is a subjective construct that is indirectly observed and measured,
(ii) It is multiple dimensional based on different characteristics of physical and psy-
chological well-being. (iii) QoL is time-dependent, which reflects a person’s experi-
ences.

The QoL in cancer is a multidimensional concept that is dynamic, referring to the
patient’s day-to-day life—balancing between the present situation and the ideal situa-
tion at a given time [5]. It is a specific and multidimensional type of patient-reported
outcomes (PROs) that encompasses the patients’ social, financial, psycho-social, and
physical activities [6, 7]. After their completion of treatment, the QoL for cancer
patients is related both directly and indirectly to health, disease, disability, and
impairment. The more significant symptoms have been associated with, the higher
levels of emotional suffering and poor physical and societal functioning, and
global QoL.

A first-generation core questionnaire, the EORTC QLQ-C36, was developed in
1987 [8]. It is studied through validated questionnaires that the patients fill at differ-
ent time points. The European Organization for Research and Treatment of Cancer
(EORTC) has developed a questionnaire, named the QLQ-C30, which helps assess
Health-Related Quality of Life (HRQoL) in cancer patients with 30 questions and
some extra questions related to disease-specific treatment measurements. The EORTC
QLQ-C30 is a widely used and well-validated instrument that is designed to assess
health-related quality of life in patients with cancer.

EORTC QLQ-C30 scales are scored on a 4-point response scale, ranging from not
at all to very much, except the last two questions, which are scored on a 7-point
response scale. Statistically, the most exciting feature of QoL evaluation is considering
its time-dependent structure. Whenever any patient faces a diagnosis of a fatal disease
or a distorting treatment, their well-being may be affected and hence decline. In other
words, it will be the process of surviving the disease and its treatment that reflects in
their future QoL. Traditional clinical trials that measure the time of a fatal event, of
course, take into account the time factor in treatment comparisons. Statistical analyt-
ical procedures for these tests use survival analysis methods [9].

The aim of this paper is to prepare and present R package functions that can easily
work with different sub-domains of the EORTC questionnaires, both for QLQ-C30
and the cancer-specific QLQs. In addition, the presence of missing data in repeatedly
measured QoL data is quite often. This package and functions are also presented to
impute the valid missing observations and cover the analytical support to work with
QoL data. The missing observations were imputed with the minimum value of the
questions. Survival analysis is also performed for all sub-domains from the cancer-
specific quality of life questionnaires.

2. Methodology

The QLQ-C30 in EORTC questionnaire provides functional scales, symptoms
scales, and global health status. The functional scales include five functions, they are,
Physical Functioning (PF), Role Functioning (RF), Cognitive Functioning (CF),
Emotional Functioning (EF), and Social Functioning (SF). The symptom scales
include nine symptoms, are, Fatigue, Nausea and Vomiting, Pain, Dyspnoea, Insom-
nia, Appetite Loss, Constipation, Diarrhea, and Financial Difficulties. Each of the
multi-item scales includes a different set of items, in other words, there are several
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items included on every scale. All of the scales have scores ranging from 0 to 100. A
high functional, symptom, and global scale score represent a healthy level of func-
tioning, a high level of symptomatology or problems, and a high QoL, respectively.
The principle of the scoring scales is the same for all the domains; that is, a linear
transformation is used to standardize the raw scores [8].

The procedure for computing the domain-wise scale scores [8] is explained by
scale items as I1, I2, … , In: For instance, in the case of QLQ-C30 the scale items will be
I1, I2, … , I30. The scoring manual [8] has a detailed explanation for all the domains
and sub-domains.

For all scales, the RawScores, is the mean of the component items given as,

RawScore ¼ RS ¼ I1 þ I2 þ … þ Inð Þ=n (1)

For Functional Scales, the formula for calculating scores is,

Score ¼ 1� RS� 1ð Þ
range

� �
� 100 (2)

For Symptom scales/items and Global health scales/QoL, the formula for calcu-
lating scores is,

Score ¼ RS� 1ð Þ
range

� �
� 100 (3)

Range is the difference between the possible maximum and the minimum response
to individual items; most items take values from 1 to 4, giving a range = 3. The QLQ-
C30 has been designed so that all items on any scale take the same range of values. The
exceptions are the items contributing to the global health status/QoL, which contains
two items taking values from 1 to 7, giving a range = 6.

A function was developed in R using the above formulae. The purpose of this
function is to convert the item-wise values into domain-wise scores and generate a
comprehensive dataset.

Separate functions were prepared for Raw Score, Functional Scales Score, Global
health status/QoL, and Symptom Scales, and then all these functions were collated
under one single function. This function aims to take the entire data as the input and
consider only those columns that contain the data of the 30 questionnaires by consid-
ering it as the revised data. Further, a nested function was formed, which contains
three functions for calculating the domain-wise scale scores.

The first function rs() was prepared for calculating the Raw Score. Similarly, other
scoring values were created. The Functional Scales Score fs() uses the formula of the
functional scale score mentioned above for calculating the scores for all the scales
under this domain. The combined function ss_gs() for Global health status/QoL and
Symptom Scales calculates all the items under these two domains since both these
scales use the same formula for calculating the scores. The three functions, rs, fs, and
ss_gs were combined under one single function named as qol and qol_miss
depending on the type of data that is used. The qol function can work with both
complete data and data with some missing information because this function will first
check for any missing information. If missing information is found, it will replace
them with the minimum value. On the other hand, if no missing information is found,
it will continue to calculate the scores. On the other hand, if the data contains missing
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information for all the questions for a particular patient, that is, if row(s) have
complete missing values then the qol_miss function can be used. In such a case, the
row(s) with completely missing data of patients will be omitted and then the score
calculations will be performed. A flowchart of the process for calculating all the scale
scores using these functions available in the QoLMiss package is represented below
(Figure 1).

Figure 1.
Flowchart about creation of algorithms to calculate the domain-wise scale scores from the QoL data.
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The domain-wise scale scores are also calculated from the cancer-specific ques-
tionnaires, such as, lung, head and neck, breast, ovarian, and thyroid. The functions
are named as lc_qol for QLQ-LC13, hnc_qol for QLQ-HN35, brc_qol for QLQ-BR23,
ovc_qol for QLQ-OV28, and thyc_qol for QLQ-THY34. These functions works sim-
ilarly as the functions, qol and qol_miss mentioned in the above flowchart.

Another set of functions is prepared for determining the survival outcome for each
and every scale scores. The hazard ratio (95% CI) is calculated for all scales, with the
help of the function coxph() from the survival package. The values of the hazard ratio
will help in understanding the survival relationship of the patients with the domain-
wise scale scores.

The functions that are prepared for determining the survival relationship are
named as surv_c30, surv_c30_miss, surv_lc13, surv_hn35, surv_br23, surv_ov18,
and surv_thy34. The first step in all these functions is to divide the data according
to the two arms, which will help in comparing the survival outcomes between the
two arms. The different scales are considered as the covariates and univariate
analysis of each of these scales is performed using the Cox-Proportional Hazard
model. This analysis provides the results of the hazard ratio (95% CI) for each of
the scales.

Hence the survival functions take the entire dataset as its input, provided the data
consists columns such as ‘time’, ‘event’, and ‘arm’. The column named ‘time’ should
contain the survival time of the patients. The column named ‘event’should contain the
status of the patient, indicating with the value 0 if the patient is alive and 1 if death has
occurred. Another column named ‘arm’ should contain the arm to which the patient
has been randomized. This data is then passed to the respective QoL function for
obtaining the domain-wise scale scores, which are then passed to the function coxph()
from the survival package for obtaining the hazard ratio (95% CI). Therefore, all the
prepared survival functions returns a dataframe containing the hazard ratios along
with the 95% CIs for each and every scale. A flowchart of the process for performing
the analysis using these functions is provided below (Figure 2).

3. Simulation

The first step in all qol functions was to select only the 30 columns containing the
data of the 30 questions from the complete response values.

We prefer to use simulated data and find the results and analyze from this data. So,
data were simulated from the Poisson distribution with mean (λ ¼ 2:5). A random
data set of size 100 was simulated for each of the 30 questions. A complete data is
available considering that it contained the information of 100 patients. The only
condition that is required to be checked is that the column names of the 30 questions
needed to be mentioned as Q1, Q2, … , Q30.

In some cases, it can occur that there is missing information in the data denoted as
NA. Among these 30 questions, most items take values from 1 to 4, and the last two
questions take values from 1 to 7, so it can be the case that the value entered is 9 or 99.
Thus, another data was simulated which contained missing information for some
patients, that is, the values occurred as NA or 9 or 99.

Other cases can occur that no information is obtained for any particular patient;
that is, it may be obtained that for all the 30 questions, the data is available as NA. So,
the third type of data was simulated in which for some patients no information was
open, and the data is represented as NA.
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For using the survival functions, a data is needed which contains three columns
time to event (denoted as time), status of the patient (denoted as event) and type of
treatment (denoted as arm). Therefore, the survival functions, surv_c30,
surv_c30_miss, surv_lc13, surv_hn35, surv_br23, surv_ov18, and surv_thy34, will
take a dataset as input which contains the 30 questions, time, event and arm.

4. Results

After the simulated data is passed to any of the following functions qol, qol_miss,
lc_qol, hnc_qol, brc_qol, ovc_qol, or thyc_qol, depending on the type of data, the
domain-wise scores are calculated with the help of the function fs for Functional Scale
scores, and the combined function ss_gs for Global health status/QoL and Symptom
Scale scores. A matrix of dimension 100 � 30 is obtained where the 30 domain-wise
scale scores are for each of the 100 patients. These values are replaced in the data set
with the 30 questions and returned as the final result.

Suppose some of the values entered in the data is NA or 9 or 99. In that case, this data
will be passed to the qol function to check for any missing information, and if found,
these values will be replaced with the minimum value of that particular question, which
is generally obtained as 1. Thus, complete data will be obtained without any missing or

Figure 2.
Flowchart about creation of algorithms to perform the survival analysis from the QoL data.
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incorrect values and can for calculating the domain-wise scale scores. The cancer spe-
cific functions, lc_qol, hnc_qol, brc_qol, ovc_qol, and thyc_qol will also perform
similarly as the qol function, depending on the cancer-specific QoL questionnaire data.

In case there is no information available for a patient, that is, the scale values are
available as NA, this data will be passed to the qol_miss function, and the information
of this particular patient will be completely ignored, in other words, the information
of this patient will be removed from the data. After the required changes have been
made in the data, then the domain-wise scale scores will be calculated.

For performing the univariate survival analysis considering the domain-wise scale
scores as the covariates, the simulated data is passed to any of the following functions
surv_c30, surv_c30_miss, surv_lc13, surv_hn35, surv_br23, surv_ov18, or
surv_thy34, depending on the type of data. These data will again be passed to any of
the qol functions as required for obtaining the domain-wise scale scores. These out-
puts are passed to the coxph() function from the survival package for obtaining the
hazard ratios (95% CI) for each of the domain-wise scale scores.

5. Illustration

A simulated data was obtained from Poisson Distribution with a mean of 2.5(=λ).
This is complete data without any missing information, so after passing the data into
the qol function, no modifications are required. The final data frame is obtained
containing the domain-wise scale scores.

Similarly, data were simulated in which there were some values were obtained as
NA or 9 or 99. It is also possible to work with the qol function. The values NA or 9 or 99
were replaced with the minimum value for that particular question. After this modi-
fication of the data, the domain-wise scale scores were calculated, and a data frame
was returned containing the domain-wise scale scores.

Lastly, the third type of data was simulated in which, for some patients, there was
no information available. The information of patients was represented as NA. After
passing this data into the qol_miss function, the information of these patients was
removed from the data frame. The qol(x) was used to run the function and in the
place of x the simulated data named as c30_dfwas passed as input in the qol function,
that is, qol(c30_df). A small part of output is provided below.

> # Load the simulated data
> data("c30_df")
> # Display head of the scale scores dataframe
> head(qol(c30_df))

ID time event arm QL PF RF EF CF SF

1 498 0 2 8.33 46.67 50.00 58.33 66.67 100.00

2 91 0 1 16.67 40.00 50.00 50.00 5 0.00 33.33

3 13 1 1 8.33 53.33 50.00 41.67 50.00 50.00

4 707 0 2 16.67 60.00 33.33 41.67 83.33 50.00

5 993 1 2 66.67 33.33 66.67 66.67 83.33 50.00

6 23 0 1 25.00 73.33 16.67 33.33 83.33 16.67

ID FA NV PA DY SL AP CO DI FI
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1 44.44 0.00 33.33 0.00 0.00 33.33 33.33 100.00 100.00

2 55.56 16.67 83.33 66.67 0.00 33.33 0.00 100.00 100.00

3 33.33 50.00 33.33 33.33 66.67 66.67 66.67 33.33 33.33

4 11.11 0.00 50.00 66.67 0.00 33.33 0.00 66.67 66.67

5 44.44 50.00 66.67 100.00 66.67 33.33 0.00 100.00 66.67

6 66.67 50.00 16.67 0.00 66.67 0.00 33.33 100.00 33.33

The data that was simulated for testing the qol and qol_miss functions also
contained three more columns containing information for time to event (denoted as
time), status of the patient (denoted as event) and type of treatment (denoted as
arm), which will help in illustrating the surv_c30, surv_c30_miss, surv_lc13,
surv_hn35, surv_br23, surv_ov18, and surv_thy34 functions. An illustration is given
using the surv_c30(x) function and in the place of x the simulated data named as
c30_df was passed as input in the surv_c30 function, that is, surv_c30(c30_df). The
output as obtained is provided below.

> # Load the simulated data
> data("c30_df")
> # Display the Hazard Ratios (95% CI)
> surv_c30(c30_df)

HR Lower 95% CI Upper 95% CI

QL 1.030 1.030 1.020

PF 1.010 1.020 0.999

RF 1.010 1.010 1.000

EF 1.010 1.010 1.010

CF 1.010 1.010 1.000

SF 1.000 1.000 1.000

FA 0.994 0.991 0.997

NV 1.010 1.020 1.010

PA 0.986 0.992 0.980

DY 1.010 1.010 1.010

SL 1.010 1.010 1.000

AP 1.010 1.000 1.010

CO 1.000 1.000 1.000

DI 0.993 0.994 0.993

FI 0.975 0.979 0.972

6. Discussion

The application of QoL assessment is unavoidable in cancer care [10, 11]. There is
not enough ready-to-use functions for calculating the scale scores, so we prepared the
method and package QoLMiss to work with the QoL data for cancer patients. It can

142

Recent Advances in Biostatistics



quickly provide domain-wise score computation. The implementation of the domain-
wise scores in a QoL allows in finding the significant symptoms affecting the patients
achieve the goal of understanding the well-being of the patients in QoL analysis in
oncology clinical trials.

The QoLMiss will be updated as new modules are developed by the EORTC group.
The QoLMiss package will be completed over time, by applying some Cox analyses
algorithms of QoL score data. The current package will then be expanded by the
addition of Cox-Proportional Hazard models. Our future endeavor will also involve in
preparing functions for Bayesian Survival analysis. The package will be upgraded over
time, by applying some new imputation techniques.

Further research can be performed by exploring different missing data imputation
techniques in scenarios where missing data are Missing at Random (MAR), Missing
not at Random (MNAR), Missing Completely at Random (MCAR) and then evaluat-
ing the domain-wise scores. Future endeavor can be to use the different scale scores to
further analyze the quality of life of cancer patients. The QoLMiss package repository
can be obtained using the link: https://github.com/apstat/QoLMiss-Package.
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