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Abstract

The Patient Health Questionnaire-9 (PHQ-9) is generally used to determine the level of
depression, and clinical decisions are usuallymade based on the overall score. Nevertheless,
there can be significant variation in the response pattern of individuals who have the same
score, indicating that there are variations in the organization of symptoms. To overcome this
drawback, this paper presents an entropy-based computation system that describes PHQ-9
responses in a way that is not limited by a score measure.

Responses to individual items are fused with information-theoretic quantities, such as Shan-
non entropy, sample entropy, permutation entropy, and multiscale entropy, to form a more
detailed feature space to classify depression severity. The proposed framework significantly
increased the accuracy of the sum-score baseline in fivefold stratified cross-validation, with
Random Forest improving from 81.2 percent to 99.2 percent. Statistical analysis also shows
that the relationship between response entropy and the severity of depression is not linear,
where entropy is highest around moderate depression and reduced in severe depression.
ROC-based evaluation further shows that entropy has meaningful screening utility for se-
vere depression detection, achieving an AUC of 0.852. Using Youden’s J statistic, the opti-
mal entropy threshold was identified as 0.439, with a sensitivity of 0.771 and specificity of
0.793. These results suggest that response-pattern complexity can act as a complementary
digital marker for depression severity assessment.

Keywords: Depression classification, Digital biomarkers, Mental health assessment, PHQ-
9, Response pattern analysis.
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Chapter 1

Introduction

Depression is one of the most common mental health disorders and is a major contributor to
disability worldwide. Traditional screening tools such as PHQ-9 remain clinically valuable
because they offer a simple and validated way to assess the severity of symptoms. However,
individuals with the same total PHQ-9 score may have very different response patterns at
the item-level. This raises the possibility that the patterns of symptoms and complexity have
important information that is not represented by the sum score.

In this report, we examine how entropy-based modeling can capture variability, inconsis-
tency, and organization in responses to PHQ-9 items. By combining item-level responses,
entropy measures, statistical validation, and machine learning, the study explores where a
finer distinction severity can be achieved.

1.1 Background of the Study

In recent times, mental health has been an important focus area because it affects a person’s
emotional well-being. Being healthy does not simply imply that you are not ill. It is also a
sign that you are able to cope with stress as well as relate with others and do what you have
to. As all the changes of technology and the changes of society are taking place, a lot of
changes are affecting the mental health of people including the youth.

There is a problem with mental health issues. Researchers believe that methods based on
facts and numbers are extremely valuable in comprehending mental health problems. This
holds particularly so in the case of phenotyping and computational psychiatry

One of the prevalent mental health issues in the world is depression. It impacts people of
every level. Feeling sad, tired are some of the things that people who are depressed tend
to feel. Difficulties in thinking. The other disease is depression. Individuals experiencing
depression may react or display various symptoms. This leaves it difficult to determine
the ones who are depressed and those who are not. The common methods of testing, on
depression, are not so good. They are overly diminutive.

With an increase in stress levels, time in school and in front of screens, people need to im-
prove methods of mental health testings. The measures of mental health are highly valued.
We must be careful about our health
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1.1.1 Mental Health and Depression

It has to be capable of thinking and feeling well to be able to solve the problems. You can
hardly do them when you are depressed. Depression renders us with difficulty in getting
things done and in associating with other people. Although depression has been extensively
researched by people, it remains difficult to comprehend. Depression is difficult to calculate
and categorize under.

The way in which depression is typically examined in physicians offices and research cen-
ters is through tests that require the individual to answer how severe their symptoms are
[1, 2]. These tests consider depression as identical, to everyone, which is not the case. Dis-
similar individuals are affected by depression differently. This means that there is a need to
consider a more sophisticated method that can account for the variability of symptoms and
other information about mental health disorders [14].

1.1.2 Modern Lifestyle and Mental Health Challenges

Increasing life pressures have played an important role in the increase in mental health
problems. Academic and workplace pressures, isolation from social challenges, and a over-
reliance on social networks have created a climate in which stress is increasing [8]. These
challenges are particularly in students and young people who aremore vulnerable to lifestyle
changes and digital influences [9].

However, technological advancement has provided novel possibilities for tracking men-
tal health using digital biomakers and behavior data. these approaches enable a real-time
and quantitative understanding of mental states, rather than the qualitative approach clini-
cal observations. Consequently, there has been an increasing interest in the application of
techniques in mental health science to improve the treatment of psychological disorders.
[27, 28].

1.1.3 Need for Screening Tools and Limitations of PHQ-9

In the face of the increasing rate of depression, screening instruments are needed to identify
and treat depression. The Patient Healthcare Questionnaire (PHQ-9) is one of the most fre-
quently used measures of the severity of depression due to its brevity and validated structure
[1]. It assists individuals to scale the frequency of the symptoms with a scale. This is why
it is applicable in clinic and research studies.

The PHQ-9 surveys the score to determine the severity of depression.. This may not give
the complete picture. An example of two individuals with the score may have varying
symptoms. This may indicate that they are mentally ill. Scientists are currently seeking
methods of comprehending the state of mental health. They desire to see more, than scores.
One of these methods is through the use of something known as entropy analysis. This
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contributes to the observation of the trends of the symptoms. [2, 3, 4, 7].

1.2 Problem Statement

Today depression is an issue to many. It influences the way individuals communicate, their
moods and motivation, concentration and general living. Simple scoring methods are still
many because with the help of tests one can find out whether he/she is depressed or not.
The Patient Health Questionnaire PHQ-9 is commonly employed in assessing the severity
of badness of someones depression, summing up his or her responses to nine items. This is
an easy way of doing things. It assumes that all the scores have the same meaning and this
may not be true [1].

Depression has such an effect on individuals. Symptoms can be indicated in a PHQ-9 score,
such as emotional, thinking and behavioral problems. This is in the sense that a clear picture
may not be seen even by simply looking at the score. Symptoms can be apparent in the
PHQ-9 score, which can be misinterpreted. The frequent scoring system may overlook the
specifics of response in the individuals.

Mental health records are sometimes unruly and may not be comprehended. Calculating
the total score may not be precise. We must have methods to examine data that consider
the description of not only the overall score. This can assist us to get a clearer picture of
depression [12, 14].

Key Issues Identified

1. Depression screening may overemphasize severity scores at the expense of response
patterns.

2. PHQ-9 scores may mask different patterns of symptoms.

3. Conventional approaches yield little information on variability and irregularity.

4. Nonlinear patterns may be present in mental illnesses like depression.

5. Conventional screening may not make full use of item-level information.

6. There is increasing need for more sensitive, data-driven methods.

7. New methods, such as entropy methods, may uncover complexity within sum scores
[2, 3, 4, 7].

1.3 Research Objectives

The purpose of this research is to investigate amore holistic method of accessing the severity
of depression by extending the conventional scoring approach based on the sum of PHQ-9
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responses. Rather than using sum scores, this study seeks to model the response patterns to
individual items and quantify their complexity through entropy-based measures. By com-
bining several entropy measures with statistical techniques, the research aims to develop
an improved feature set that accounts for intensity and variability. In addition, machine
learning algorithms are applied to assess the benefits of this representation for classification
compared to conventional methods. In addition, the study explores the nonlinearity between
the complexity of responses and the severity of the illness, the discovery of potential sub-
groups using pattern discovery methods, and explores the potential of having an entropy
threshold to better detect severe depression.

1.4 Significance of the Study

This research is as important as it overcomes a key limitation in traditional depression as-
sessment. the severity of depression is typically measured in clinical research and assessed
with the total score of PHQ-9, which provides a quick and reliable screening approach [1].
However, using the score alone can miss important differences in discrepancies in the dis-
tribution of symptoms in the items. Depression is a complex disorder, individuals with the
same sum score can have different response patterns and the structure of the underlying
symptoms [12, 14]. This study, which looks at individual items and variation in structure,
helps to paint a more accurate picture of depression assessment.

1.4.1 Methodological Significance

The study is important because it uses a way to look at mental health. This new way is
called an entropy-based analysis. It helps us to understand how people behave in situations.
We can use something called Shannon entropy sample entropy, permutation entropy, and
multiscale entropy to measure how people behave. These things help us see how varied and
complicated the behavior of people can be [2, 3, 4, 7].

This proves quite useful in instances whereby we would wish to learn about health. Humans
do not operate in manners that would be easy to comprehend and by looking at uncompli-
cated figures we will not be doing anything to comprehend them. These measures and
machine learning can help us learn more about the issue of mental health than was possible
before using this study of mental health[12]. It is a newer approach to thinking about mental
well-being which employs computers and data to assist us make decisions [5, 8, 9].

1.4.2 Practical and Academic Significance

This study is important in two aspects. One is through our activities in clinics and the other
is through the larger scientific discourse. The research assists us to filter off the severity of
depression that is more than we are capable of doing today. Individuals with PHQ-9 differ-
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entials can differ in vital aspects. This paper demonstrates that it is ineffective to look at the
score. There must be real differences, between them, we must look closer. Looking outside
of the overall score can help us locate useful information. Such a depth of information might
prove mighty helpful to those professionals that are attempting to determine the severity of
depression in more than their scores would otherwise reflect.

A long-standing basic issue in computational psychiatry and digital mental health is how to
apply data-driven tools in clinical care without injuring the proven decades-old tools. This
study does not even strive to resolve that tension by taking a specific position. Rather, it
provides that the response of one to each question provides information not implying that
they must cease PHQ-9 usage. It warrants more attention at the expense of concentration,
more concentration [5, 8, 9].

1.5 Scope of the Study

This paper argues that there is no single score for severity of depression. The sample exam-
ines the responses of university students to the PHQ-9 in an age group with high occurrence
but low detection of depression. The analysis does not only focus on the score but rather on
their individual answer patterns to explore what may be learned from them.

However, the key observation is that there is a pattern about how human answer these ques-
tions and this patterm contains information. Information is obtained by measuring the reg-
ularity of the time series samples through Shannon entropy Sample entropy, Permutation
entropy and Multiscale entropy. These metrics allow to develop an understanding of how
complex and diverse the responses are.

Another person could get that score also but they might answer those questions very differ-
ently and you would be left wondering about the differences in symptoms, since there are
no one to one relation. The research combines these measures with machine learning and
attempts to differentiate. The problem is to see whether the severity of depression can also
be classified accurately, not replace the PHQ-9. By extracting additional knowledge from
it. The PHQ-9 is a tool. However, the study wishes to explore whether it can be used more
granularly.

This study is based on a set of data, methods and contextual factorsWhen reading the results,
just be sure to remember that. This data will form the basis of the results. The sample
consists in university students. Your validation method is a stratified cross-validation on
the data set which means this outcome is justifiable but must be validated over external
populations or additional other groups.

This work should not be used instead of clinical judgement and does not replace PHQ9
screening. It is designed to be an overlay as opposed to a supplement for an established
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screening practice. It is also longitudinal not cross-sectional study. It is confined to the data
available through clinical history, without any access to external data such as psychological
indicators and behavioral patterns. These are limitations, not mistakes. This research repre-
sents a advancement on the path, however not yet here is your definitive bearer of low state
of mind in clinic. Its worth is that it expands avenues to future study rather than answers in
itself. [1, 2, 3, 4, 7, 10, 11, 12, 13, 14].

1.6 Limitations of the Study

There are some limitations of this work that need addressing. Consider who the data actually
represents first. In this case the subjects of this study are university students. This group
is very nice to deal with. It lacks diversity in demographics and clinical experience. The
findings from this group may not be relevant to different groups or those receiving treatment
from psychiatrists. The patterns we detected are quite unique to this sample of university
students.

The second limit is related to the data. The PHQ-9 questions(17) are self-reported, which
means they are subjective. The answers may depend on how they feel answering the ques-
tions or whether they are being honest. That is not to say self-reporting is a technique, but
that the data has errors embedded within it that are difficult to parse out from fact.[1, 14].

Another limitation is how was tested the framework. The numbers that we present is from
prediction, which is a good approach but it needs to be ‘tested’ against unseen data. The
positive outcomes we received are an indication, but we must be cautious in interpreting
them. To know for certain that it works elsewhere, we must test the framework with data.

This research has limitations as a result of the type of data it examines. The responses
to a survey, taken at a specific moment in time can provide only part of the whole picture.
Depression is not a staticr mentalstate it runs on a timeline and to take hold of the depression
we need both time-series data as well as physiology signals or behavioral-based data. Lack
of such information did not represent a failure of the study. That is a maximum of what you
can do now.[8, 9].

Taking all those restrictions into account, the results are great. Keep to sound methods but
not be presumptuous they apply to all. The next step is to apply the framework in practice
and with different groups.

Key Limitations

• The data we are looking at is about students.

• We got our information from a questionnaire that the students filled out themselves
so we are relying on what they said about their symptoms. This way of doing things
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is simple and lots of people use it when they study health but it is not perfect because
it is based on what the students think not on what a doctor might say.

• We only looked at the data we had we did not check it against any data to see if it was
correct.

• Our findings are based on data from one point in time so we do not know how the
symptoms of depression changed over time for each student.

• This study only looks at what the students said on the questionnaire it does not look
at things like what their bodies are doing or how they are behaving.

• What we found out is useful because it helps us understand more about depression
but it is not enough, on its own to diagnose someone it should be used with tools that
doctors already use to help people with depression.

1.7 Organization of the Report

The report is divided into seven parts. Each part adds to what was said. This makes the
report easy to understand. The studys main point is explained in an simple way. The report
is. Easy to follow. The seven parts of the report work together to make the studys argument
clear. Chapter 1 introduces the background of the study, the problem statement, the research
objective, the significance of the study, the scope, and the limitations. Chapter 2 presents a
review of the literature. Chapter 3 describes the methodology of the study, including data
set preparation, preprocessing, entropy-based feature extraction, machine learning models,
statistical validation, clustering methods, and threshold optimization. Chapter 4 provides
the results and analysis of the proposed framework. Chapter 5 presents selected case studies
from real-world digital mental health research. Chapter 6 discusses the broader meaning
and implications of the findings. Finally, Chapter 7 concludes the report by summarizing
the major findings, acknowledging the limitations, and suggesting possible directions for
future work.
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Chapter 2

Literature Review

2.1 Introduction

This chapter reviews the current literature related to the assessment of depression, PHQ-9-
based screening, entropy-based andmachine-learning-based behavioral analysis, andmachine-
learning-based mental health research. This review defines the theoretical and empirical ba-
sis of the current study by reviewing the measurement of depression as conventionally done,
the limitations of previous score-based systems, and how new computational approaches
have begun to overcome these problems. As the present study aims at the complexity of
response patterns in PHQ-9 data, it is necessary to understand the clinical applicability of
standardized depression screening instruments, as well as the increasing significance of
data-driven methods in digital mental health [1, 5, 9].

The literature also indicates that despite the wide acceptance of instruments such as PHQ-
9 in depression screening, their interpretation has largely focused on the total score and
therefore might not identify key variations in the way an individual displays symptoms [14].
Concurrently, advances in areas such as information theory, computational psychiatry, and
machine learning have dramatically increased the scope of what is achievable when utilizing
psychological data. The entropy-based approaches offer something that the conventional
methods do not add, they provide a means of modelling variability, irregularity and the
underlying complexity in how people respond to rather than what they report. For its part,
machine learning has been especially able to reveal patterns structures in data potentially
obscured or flattened by traditional statistical methods [2, 3, 4, 7, 12, 15, 16, 19, 20, 21].
The current chapter goes beyond a review of what has previously been covered against this
background. Not only that, but it carefully outlines the borders of existing work such a way
that it highlights where the holes exist - and it is those very holes which create both the
context in which this new model for assessing depression severity (with added entropy) can
even have existence but also context in which its motivational significance does actually
live.

2.2 Depression and Mental Health Assessment

In both modern healthcare and psychological research, assessment of mental health has
become integrated. Mental health is not that simple. They dont always fall into just one
category? You cannot test only one, to diagnose what is wrong. Mental diseases are by no
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means universal, every one has diverse problems. They are dependent on the fate of each
individual. Doctors and researchers therefore combine the two to research health. They
analyze what people talk about with their symptoms. Investigation of mental health is some
thing that enormously regarded. Mental health is complex and variable. They are pro-
foundly molded by what individual people go through. Psychological health assessments
assist doctors and researchers in understanding these issues. They employ health consulta-
tion to better understand, about mental illness matters. Also behavioral observation, stan-
dardized rating scales, and professional interpretation to build an understanding of what a
person is going through — each source adding something the others alone cannot fully pro-
vide. Selection and design of assessment tools are very important because quality screening
affects early detection, treatment decisions, and ongoing support. This includes assessment
tools. Quality matters in screening: Screening quality is a vital component for problem
discovery and good treatment plans. Thats why the design and choice of assessment tools
is so important, for treatment planning and long-term follow-up. Evaluation is particularly
important in depression because the disease can affect emotional state, cognitive ability,
energy level, sleep, appetite, and social functioning simultaneously [1, 5].

Mental health assessment has developed over time from less structured clinical assessment
to more standardized and evidence-based processes. Structured screening instruments help
researchers and clinicians quantify depressive symptoms in amore consistent manner. How-
ever, despite the reliability gained through standardization, this has also encouraged the
use of simplified scoring methods in which sophisticated symptoms experiences are often
condensed into one total score. Consequently, contemporary evaluation techniques are ap-
propriate for the screening, yet they might still fail to represent significant variations in
symptom expression across individuals [12, 14].

2.2.1 Depression as a Heterogeneous Mental Health Condition

Depression is a prevalent and devastating mental health disorder across the world. It is gen-
erally marked by persistent sadness, loss of interest in daily activities, loss of motivation,
despair, cognitive difficulties, and disruption of physical and emotional functioning. De-
pression does not, however, present itself in one uniform way. Some individuals may show
more emotional symptoms such as sadness or guilt, while others may show more cogni-
tive symptoms such as poor concentration or somatic symptoms such as fatigue and sleep
disturbance. This heterogeneity makes depression a complex condition [1, 12].

The heterogeneity of depression poses a significant assessment problem. Two individuals
can be assigned to the same severity designation, but the distribution of their symptoms
can vary significantly. Two individuals could have scored the same number, the sum of the
package, in the PHQ-9 test, but did so in radically different ways. Someone could feel kinda
bad about a lot of things but not really all that bad about any one thing. The other, far/far less
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likely to feel bad about things, but definitely not leaving the rest of the world with people
feeling bad about them. And the point to which they arrive the same. However, the truth
of what each individual is in fact going through might be very different. Indeed, it is not an
odd kind of conduct that takes place with figures. It is noteworthy because it tells us about
the specific way in which the depression appears to be in real life. The more specifics, then,
that we could look into, in order to determine how bad the symptoms of someoneself are
or were in particular (rather than how bad they feel in general). Rather we need to look at
which symptoms are problematic and how (and to what extent) such symptoms can impair
the person.[14].

2.2.2 Importance of Standardized Assessment Tools

Depression shows up differently in each person. That’s why standardized tools for assessing
depression have become very important in both practice and psychiatric research. These
tools are valuable because they help evaluate symptoms in a way. They use a structure that
can be repeated which allows findings to be compared across different people, institutions
and research settings.[1]

These tools protect against the variability that can come with observation. Experienced clin-
icians can have different opinions but structured questionnaires help reduce this subjectivity
by using clear criteria. This combination of reliability, consistency and usefulness across
settings has made standardized tools essential in clinical screening and large-scale research.

Standardized tools have another benefit: they produce data that can be easily analyzed.
When symptoms are recorded in a format the data becomes quantifiable, sortable and open
to analysis. This is much harder to do with clinical notes. Researchers can examine how
reliable the data is, categorize the severity of symptoms identify patterns across populations
and apply methods more efficiently.

This is especially important today. With the growing use of phenotyping, machine learning
and behavioral analytics in mental health research the need, for clean and structured data
has increased. Standardized assessment tools are the foundation of all this work. They
connect the methods of measuring psychological conditions with the new more advanced
computational methods that are changing how we understand mental health conditions.[5,
8, 9].
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Table 2.1: Common Approaches to Depression Assessment

Assessment Type Example Strength Limitation

Self-report scale PHQ-9 Simple, fast, scal-
able

May overlook symp-
tom structure

Clinician-rated scale HAM-D / MADRS Rich clinical inter-
pretation

Time-consuming

Diagnostic interview DSM-based inter-
view

Deep clinical in-
sight

Less practical for
large populations

2.2.3 Common Methods Used in Depression Assessment

When we talk about measuring depression there are three ways to do it. Each of these ways
has a purpose. The common way is to use self-report questionnaires. These questionnaires
are easy to give to people they do not cost a lot of money. They can be used with a large
number of people. They ask people to describe how they are feeling. They have set answers
to choose from. This makes it easy to look at the answers and compare them.

Clinician-rated scales are different. They do not just rely on what the person says about
themselves. Instead they use a trained professional to help figure out how the person is
doing. This gives a complete picture of the persons condition. However it takes time and
resources so it is not always possible to use this method.

Diagnostic interviews are the detailed way to measure depression. They give a lot of in-
formation that the other methods cannot. That is why they are used to make diagnoses.
However they take a lot of time. Require special training and planning. This makes them
hard to use when you need to screen a lot of people[1, 14]

Among these methods self-report scales are very important in health and research. They are
useful because they can be used with a lot of people quickly. They also give answers that’re
consistent and can be compared. However there is a problem with the way these scales are
usually used.

The problem is that all the answers are added up to give one score. This is easy to do. It
does not tell us how the person got that score. Two people can have the score but they can
have very different answers. One person might have a bit of distress in many areas while
the other person has a lot of distress in just a few areas. The total score does not show this
difference.. It is this difference that can give us important information, about the persons
depression.[12, 14]
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2.2.4 Emerging Shift Toward Data-Driven Mental Health Evaluation

Mental health research is changing the way it looks at things. Lately it has been moving
away from using traditional scoring methods. Instead its using approaches that’re more
based on data and computers. This change is happening because of developments in digital
mental health, computational psychiatry and digital biomarkers.

These areas are all interested in understanding health conditions by looking at how people
behave. They want to use this information to help than just relying on summary statistics.
The idea behind these directions is that the data collected from standard assessment tools has
more to it than traditional scoring methods can show. This change is especially important
for depression research.[5, 8, 9]

Depression is a condition that doesn’t behave in simple ways. Its symptoms can be differ-
ent from person to person. Can interact with each other in complicated ways. Traditional
scoring methods can’t always capture this. New analytical methods can help us look deeper
into the data.

They can show us how individual symptoms contribute to the score. They can also help
us see if there are subgroups of people with depression that have patterns. This study is
part of a movement in research. It brings together approaches and traditional psychometric
tools. The idea is that these approaches are more useful when used together. Each one can
provide something that the other can’t. Mental health research and depression research are
areas where this approach can make a difference. Depression research benefits, from this
combined approach. Mental health research also benefits from this perspective.[12]

2.3 PHQ-9 is a Depression Screening Tool

One of the self-report tools that have been used widely to identify and measure the level of
depression is the PHQ-9. The number of instruments in mental health research that have
reached the same adoption rate as PHQ-9 has was very small. It has been developed as a
concise yet clinically rigorous tool that is based on known diagnostic cutoffs of depressed
disorders and has found a home in both healthcare environments and in the research world in
general, valued for the balance that it creates between simplicity and meaningful measure-
ment -which is valued at all costs even in today’s world of sophisticated and cutting-edge
technology and globalization. The reason it is especially effective when used in large-scale
screening is because it does not require a lot of time and effort on the part of the respondent,
and yet, it does generate structured and quantifiable information that may be used to classify
the severity and draw comparisons between an individual and a group.[1]

The best feature of the PHQ-9 that makes sense in a computational process is the man-
ner in which it addresses subjective experience. Instead of leaving the description of the
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symptoms open-ended, it takes the respondents through a series of predetermined depres-
sive symptoms and asks them to indicate the frequency to which each of the symptoms has
been present during one of the recent periods. This arrangement does something important,
it transfigures what is by nature personal and variable, into a form, which is systematic,
consistent and readable across different persons and circumstances. Since the responses are
recorded in numerical terms, the instrument also provides a natural access to statistic analy-
sis, psychometric assessment, and computational modeling that will enable researchers with
a solid ground on which more complex approaches can be constructed based on the results
of the preceding steps in the study’s methodology [1, 16, 17].

2.3.1 Structure and Item Composition of PHQ-9

There are nine items in the PHQ-9. Each item outlines one symptom of depression. These
are already symptoms that physicians and scientists have been familiar with for some time.
But there is a lot that the PHQ-9 covers― Its into how people feel, like sad all the time or
dont care about anything anymore. It is also concerned with issues of thinking such as when
people have difficulty concentrating. It includes questions that examine behavior change
and physical symptoms (for instance, when people cannot sleep, are lethargic or eat more or
less than their usual). We even examine issues like self-hatred and suicidal ideation [1]. It
does this intentionally via the PHQ-9. You wondered how this could be, because depression
is different, for everyone. Instead of asking just one general question, the PHQ-9 can get a
more accurate image of what is going on in each individual by asking for symptoms.

Table 2.2: PHQ-9 Items and Symptom Domains

PHQ-9 Item Symptom Focus

PHQ-1 Little interest or pleasure in doing things

PHQ-2 Feeling down, depressed, or hopeless

PHQ-3 Trouble falling or staying asleep, or sleeping too much

PHQ-4 Feeling tired or having little energy

PHQ-5 Poor appetite or overeating

PHQ-6 Feeling bad about yourself or feeling like a failure

PHQ-7 Trouble concentrating on things

PHQ-8 Moving or speaking slowly, or being restless

PHQ-9 Thoughts of self-harm or being better off dead
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2.3.2 Likert Scale Response Format

All PHQ-9 items are rated on a four-point Likert scale indicating how often a symptom is
experienced during a specific recent period. The answer types will be Ususually about 0
not at all, 1 several days, 2 more than half the days, and 3 nearly every day. The form is
practical since it enables subjective mental experiences to be encoded in a convenient and
quantifiable manner. As everything is represented by a common numeric approach, the data
can be summarized, compared and modeled more effectively.[1]

2.3.3 Scoring and Severity Interpretation

The individual response values for each of the nine items are summed to produce a total
score ranging from 0–27 once all nine items have been completed [1]. This mask is then
transformed to the corresponding set of predefined severity intervals and provides for clin-
icians and researchers an immediate, quantitative and easy reference point on how well a
subject currently classifies according to depression severity at the moment of assessment.

Table 2.3: Standard PHQ-9 Severity Interpretation

Total Score Range Severity Level

5–9 Mild

10–14 Moderate

15–19 Moderately Severe

20–27 Severe

2.3.4 Strengths and Limitations of the PHQ-9

The PHQ-9 is arguably the most established clinical tool with decades of psychometric
validation in various populations and briefer length, ease of use and wide availability make
it more than well suited for routine screening or large-scale research [16, 17, 18, 19, 20].
Moreover, its item-level responses are structured and therefore can be repurposed for many
applications beyond mere classification.

But there is a tension at the center of how the tool is typically used. While necessitating
efficiency in the form of one aggregate score out of nine different symptom responses, this
approach necessarily flattens differences that may be clinically meaningful. Two persons
may have arrived at the same totals whilst endorsing completely different symptoms or the
same symptoms with very different severity [14]. But under a sum-score framework, those
differences vanish. This concern becomes more urgent as our understanding of depression
evolves away from the view that it is a single condition with a discrete and uniform signature
towards one recognizing a syndrome that is heterogeneous in its presentation, nonlinear
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regarding symptom interactions, and dynamic as symptoms change over time. [12].

2.4 Limitations of Sum-Score-Based Assessment

Using a sum-score approach to measure screening for mental states has understandably re-
mained. It is quick, easy to communicate and provides clinicians with an operational short-
hand for assessing where a patient is — all of which are relevant in contexts where time and
resources are often stretched. For PHQ-9 and other tools, the logic is straightforward: total
item responses and read the sum against a pre-defined severity range. This is good enough
for a very wide classification.

Where the challenge lies is in what the approach quietly assumes. Ascribing identical clin-
ical meaning to patients with identical total scores means treating the number as if it is a
complete and sufficient representation of the underlying condition — an assumption that
does not fare well when hinged on such a heterogeneous disorder as depression [12, 14].
The sum-score framework offers no differentiation between two people arriving at identical
totals through completely dissimilar symptom combinations.

This points to a larger issue. Depression does not spatially compress into a linear dimen-
sionality. Such that it crosses emotional, cognitive, behavioral and somatic domains si-
multaneously, and the way those domains interact with each other varies widely among
individuals[1] This has the effect of discarding all information about the configuration that
gave rise to this number when responses across all nine items are folded into one: the pattern
of endorsement across items (like- whether symptoms tend to appear together or separately,
and in what proportion) is lost entirely. What you are left with is a number that communi-
cates something about severity overall, little as to the structural details of the experience it
represents.

Illustrative Example

• Person A: 2, 2, 2, 2, 1, 1, 1, 1, 0

• Person B: 3, 0, 3, 0, 3, 0, 2, 1, 0

Both patterns can have the total score but they do not show the same organization of symp-
toms. Person A has their burden spread out evenly. On the hand Person B has severe
problems, in a few specific areas. A system that only looks at the score might think they
are the same. However if we look at the patterns we can see that the way they responded is
actually different. This is because the internal structure of their responses is not the [14].
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Table 2.4: Why Sum-Score Assessment Can Be Insufficient

Limitation Explanation

Loss of item-level detail Individual symptom differences are hidden within
one total score

Assumption of equivalence The same score is treated as the same severity pro-
file

Reduced interpretability Symptom organization and variability are not re-
flected

Inability to capture complexity Nonlinear and irregular response behavior is ig-
nored

Risk of overlooking subtypes Distinct response patterns may be grouped to-
gether

2.5 Nonlinear and Information-Theoretic Perspectives inMentalHealth
Research

An expanding literature in computational psychiatry and digital mental health has started to
challenge the paradigm of linear and aggregate methods being sufficient for modeling psy-
chological phenomena [5, 9, 12]. Human response — especially when it comes to mental
health — tends to be patchy, context-dependent and most likely influenced by factors that
summary statistics are ill-designed for picking up. As a result recognition to study behav-
ioral and psychological data using information-theoretic and nonlinear frameworks are now
considered as alternative lens.

Entropy has been one more active notion in this area [2]. While traditional thinking fo-
cuses on symptom severity, entropy-oriented thinking asks new kinds of questions — how
are those symptoms ordered, how reproducible are they, and what is the variability in an
individual response profile. These are not trivial distinctions. This type of structural per-
spective provides something measurement-based measures of magnitude cannot achieve in
the context of depression, which captures very heterogeneous symptom expression within
and across individuals over time [12, 13].

What this literature ultimately delivers to the current study is a guiding principle: that be-
havioral and psychological data have structure within their summary scores, and that such
latent information may represent the most clinically meaningful source of variance.
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2.6 Machine Learning in Depression Assessment

Machine learning is really important for health research and it is easy to see why. The usual
ways of looking at statistics need us to have some ideas about what we’re looking for before
we start. But machine learning models do things differently. They look at the data. Find
patterns and connections that we might not have thought of before. This is very useful
when we are studying depression because people can have different symptoms and these
symptoms can affect each other in complicated ways. So machine learning is very good at
understanding these relationships.[15].

We have seen newways that machine learning can be used in recent years. Machine learning
can be used to classify symptoms of depression and predict how severe they will be. It can
also be used to monitor what people do and find ways to measure depression using digital
tools. Machine learning can even look at data from things like smartphones to find patterns
that might tell us something about depression. This shows that machine learning can be used
in different ways to learn more, about depression.[8, 9, 27, 28, 29, 30, 31, 32, 33, 34, 35].

What is really important in this work is that computational models do a job when they get
good information. The features that are put into these models need to be really good. Well
made. They should be better, than using raw scores. The kind of information that is put into
the model is what makes the results good or not. Computational models are able to give us
more when the featuresre richer and more carefully made.

Table 2.5: Selected Applications of Machine Learning in Depression Research

Study Area Example Focus Relevance

Digital biomarkers Passive sensor data Behavioral signals beyond
questionnaires

Symptom prediction Clinical note or response
analysis

Severity estimation

Screening systems Smartphone-based detec-
tion

Scalable mental health as-
sessment

Multimodal analysis Combined data sources More robust classification

2.7 Related Studies and Research Gap

There are three ideas in the existing research that are really important to this study. The
first idea is from research on tests and PHQ-9 studies, which have shown that checking for
depression in a structured way is very useful and that just looking at the total score is not
enough to understand the results. This is what the studies in references [14, 16, 17, 18, 19,
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20, 21, 22, 23, 24, 25] have found.

The second idea comes from research on dynamics and entropy-based methods. This re-
search has shown that looking at how complex behavioral responses are can give us an
understanding of how depression works and how it is different for each person. We can see
this in the work done in references[12, 13].

The third idea is from the research on machine learning in health. This research has shown
that computers can be used to find patterns in symptom data that we cannot see otherwise.
This can help us diagnose depression better than we can with methods. The studies, in
references[8, 9, 15, 27, 28, 29, 30, 31, 32, 33, 34, 35]have all shown this.

There is still a problem where these three things meet. The PHQ-9 is used a lot. When we
try to figure out how depressed someone is we mostly look at the total score. People have
studied entropy in terms of behavior and mental health. We have not really used it to help
us understand PHQ-9 scores in a way that compares the old way of scoring to a new way
that uses entropy.

We know that machine learning can be helpful, with health but not many people have tried
to use PHQ-9 answers, entropy measures and predictive modeling together in a way that
makes sense and is easy to understand [12, 14].

2.8 Chapter Summary

The thing is, even thoughwe havemade progress in these three areas there is still a gapwhere
they all come together. The PHQ-9 is still one of the used tools to screen for depression in
clinics and research but most of the time people just look at the total score and that is it.
Methods that use entropy have shown a lot of promise in studying behavior and mental
health. We have not really used them in a systematic way to classify how severe depression
is based on the PHQ-9. We have not really compared what the traditional way of scoring
tells us to what we can learn from using entropy. Machine learning has also been very useful
in health but there are not many studies that bring together the answers to each question on
the PHQ-9 different measures of entropy and a way to predict what will happen all in one
framework that makes sense.

This is where the present study comes in. The PHQ-9 and entropy and machine learning all
meet here. The problem is not about the technology. It is about how we think about these
three areas of research. We tend to think of them as separate than, as working together and
that is what this study is trying to change. The PHQ-9 is still an important tool and entropy
and machine learning are still very useful but we need to bring them together in a better
way.
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Chapter 3

Methodology

3.1 Introduction

This chapter explains how we did our study. We made some decisions followed steps and
had reasons for doing so. Our main goal was to go beyond a simple score and create a better
understanding of how people express depressive symptoms in their PHQ-9 responses. To
do this we built a step-, by-step computer process. We developed it in stages making sure
each step made sense based on the one. The process started with collecting and cleaning up
data. Then we used a method based on entropy to extract features. Next we used machine
learning to classify things. After that we looked for patterns without being too specific. We
also checked our results with statistics. Finally we fine-tuned some settings. This sequence
shows what we wanted to achieve with our study and the limitations we had working with
one specific data set. The study uses PHQ-9 responses to understand symptoms. We an-
alyzed PHQ-9 responses to identify patterns. The PHQ-9 responses helped us understand
how depressive symptoms are expressed.

Figure 3.1: The Workflow Diagram

3.2 Research Workflow Overview

The research process has steps. Each step is connected to the step in a logical way. It starts
with collecting and preparing the PHQ-9 questionnaire responses. We need to make sure
the information is, in a form so we can really understand it. Then we look at the quality and
consistency of the PHQ-9 questionnaire responses. We do this before we do anything. It is a
check to make sure everything that comes after it is reliable and based on a solid foundation.
The PHQ-9 questionnaire responses are very important. We need to get them right.
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We have validated data now. We use this data to get different kinds of information about
each item. This information is very detailed. It helps us understand the symptoms better
than just looking at a total score. We use this information to train machine learning models.
The goal of these models is to see how our new method works compared to the way of just
adding up scores.

We are also doing some work where we let the computer look for patterns in the data, on
its own. We want to see if there are groups of people who answer the questions in ways.
These groups might be important for doctors to know about even if we cannot see them
when we just add up the scores. At the end of the study we check to make sure our findings
are correct and useful. We do this by using statistics and finding the way to use our results
in real life. We use symptom complexity and machine learning models to do this. Symptom
complexity is a part of our study and machine learning models help us understand it better.

Main Stages of the Workflow

• We start with collecting data and getting the dataset ready.

• PHQ-9 response representation

• We try to find the threshold for the model and see if it is really useful, for doctors and
patients.

• Then we do some work to make sure the data is good and we can use it.

• We look at the data to find the parts using things like entropy and statistics.

• Unsupervised pattern discovery

• Statistical validation

• Next we make a model that can learn from the data. We test it to see how well it
works.

3.3 Study Design and Dataset

The study is based on numbers and computer work using answers from the PHQ-9 question-
naire. We got 2,039 completed questionnaires from university students at different schools.
We collected these questionnaires in a way that kept the students anonymous. We wanted
to focus on students because they’re a group where depression is a big problem. It is really
important to find depression in students. The answers from the questionnaires are the infor-
mation we used for the entire study. We used this information to look at the details classify
the answers, group them together and study the statistics. The PHQ-9 questionnaire answers
are the basis, for everything we did in the study.
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3.3.1 PHQ-9 Item Structure

But because those nine items also make up the questionnaire we use placed in Inverse order
below.:

• PHQ-1: Little interest or pleasure in doing things

• PHQ-2: Feeling down, depressed, or hopeless

• PHQ-3: Trouble falling or staying asleep, or sleeping too much

• PHQ-4: Feeling tired or having little energy

• PHQ-5: Poor appetite or overeating

• PHQ-6: Feeling bad about yourself or like a failure

• PHQ-7: Trouble concentrating on things

• PHQ-8: Moving or speaking slowly, or being restless

• PHQ-9: Thoughts of self-harm or being better off dead

3.3.2 Likert Scale and Response Encoding

The frequency of occurrence of the symptom is rated on a four-point Likert-scale for each
item in PHQ-9:

• 0 = Not at all

• 1 = Several days

• 2 = More than half the days

• 3 = Nearly every day

Therefore, in PHQ-9 can be between 0 (no depression symptoms) and 27 (severe depres-
sion). This Dataset has Severity Labels of defined based on the general clinical cutoff ranges
of PHQ-9 according to standard ranges: Mild (5–9), Moderate(10-14), Moderate (15-19),
and Severe (20-27)
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3.4 Data Preprocessing and Quality Assurance

Prior to feature extraction or model training, a preprocessing step is applied to the raw
PHQ-9 responses that creates clean and uniform data preceding any analysis. People who
did not complete at least the first two items are considered as non-completing and excluded
from any analyses (response profiles that go to the level described are providing too much
uncertainty into further analysis). The gap—this is used when only one or two items are
missing. It is filled using the median value recorded for that item across the full dataset —
a conservative and commonly accepted approach that preserves the case without distorting
the overall distribution.

To see if the questionnaire answersmake sense together we check if they are consistent using
a measure called Cronbachs alpha. The result is 0.89, which’s a good score that shows the
nine PHQ-9 items are reliable and measure the same thing for this group of people. This is
news because it means we can trust the data and use it for the next steps, which are to extract
important features and build models with the PHQ-9 items and the dataset being reliable
tools, for our analysis. We feel confident that the PHQ-9 items are working well together
to measure what they are supposed to and that gives us a foundation to move forward with
our analysis using the dataset.

3.4.1 Response Vector Representation

Each participant’s response is modeled as

𝑅 = (𝑟1, 𝑟2, . . . , 𝑟9), 𝑟𝑖 ∈ {0, 1, 2, 3}. (3.1)

This representation is important because it keeps the order of items in the questionnaire. It
helps the study to see how symptoms are arranged. The study can then look at the symptoms
one by one than just adding them up, to a total score right away. This way the study can
understand the symptoms better.

3.5 Feature Engineering

The main thing this study does is create a set of features called the enhanced feature set. The
enhanced feature set combines the answers people give to the PHQ-9 questions with some
features that are based on how mixed up the answers are and some statistical features. This
study does not just look at the score of the PHQ-9. It looks at each answer, to the PHQ-9
questions. Turns them into a new set of features that can show howbad the symptoms are and
how complicated the answers are. The enhanced feature set is used to get an understanding
of the PHQ-9.
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The final set of features we have is made up of a few things:

• It includes the 9 original PHQ-9 item responses.

• We also have 4 features that are based on entropy and 5 features that are based on
dispersion.

• So when we put all of these together the total feature space contains 18 features.

The total feature space is made up of these 18 features.

3.5.1 Entropy-Based Features

The things we look at to measure entropy are the following:

• Shannon Entropy

• Sample Entropy

• Multiscale Entropy

• Permutation Entropy

3.5.2 Additional Statistical Descriptors

The statistical features we look at are the following:

• Variance

• Skewness

• Kurtosis

• Zero-response count

• Extreme-response count

3.6 Entropy-Based Feature Extraction

This study thinks that how bad someones depression is depends on a things. It is not about
how bad the symptoms are. It is also about how consistent the symptomsre if they are
unpredictable and how they are organized when we look at the answers to the PHQ-9 ques-
tions. We are talking about depression severity and the PHQ-9 items here. We want to see
how the responses, to the PHQ-9 items are related to depression severity. To quantify these
characteristics, four entropy-based measures are computed from each participant’s response
vector.
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3.6.1 Shannon Entropy

Shannon entropy is used to measure how dispersed the responses are across the four Likert
categories. It is defined as

𝐻𝑆 (𝑅) = −
3∑

𝑘=0
𝑝(𝑘) log2 𝑝(𝑘), (3.2)

where 𝑝(𝑘) is the probability of observing response value 𝑘 in the response vector 𝑅. To
ensure comparability across individuals, the entropy is normalized as

𝐻𝑛𝑜𝑟𝑚
𝑆 =

𝐻𝑆 (𝑅)
log2(4)

. (3.3)

A lower value indicates more uniform responses, while a higher value indicates greater
response diversity.

3.6.2 Sample Entropy

Sample entropy measures the irregularity or unpredictability of the response sequence when
treated as a short symbolic time series:

𝑆𝑎𝑚𝑝𝐸𝑛(𝑚, 𝑟, 𝑁) = − ln
(
𝐴𝑚 (𝑟)
𝐵𝑚 (𝑟)

)
, (3.4)

where 𝑚 = 2 and 𝑟 = 0.2𝜎 in the study setting.

3.6.3 Multiscale Entropy

Multiscale entropy extends sample entropy by examining complexity across multiple reso-
lutions. First, coarse-grained sequences are computed:

𝑦 (𝜏)𝑗 =
1
𝜏

𝑗𝜏∑
𝑖=( 𝑗−1)𝜏+1

𝑟𝑖, (3.5)

where 𝜏 is the scale factor. Sample entropy is computed at each scale, and the average across
𝜏 = 1, 2, 3 is

𝑀𝑆𝐸 =
1
3

3∑
𝜏=1

𝑆𝑎𝑚𝑝𝐸𝑛(𝑦 (𝜏)). (3.6)
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3.6.4 Permutation Entropy

Permutation entropy measures the unpredictability of the ordinal arrangement of the re-
sponse sequence:

𝑃𝑒𝐸𝑛(𝑛, 𝑑) = −
∑

𝑝(𝜋) log2 𝑝(𝜋), (3.7)

where 𝑛 = 3 and 𝑑 = 1. The normalized form is

𝑃𝑒𝐸𝑛𝑛𝑜𝑟𝑚 =
𝑃𝑒𝐸𝑛(𝑛, 𝑑)

log2(𝑛!) . (3.8)

3.6.5 Additional Statistical Descriptors

To complement entropy, five additional statistical descriptors are computed:

𝜎2 =
1
9

9∑
𝑖=1

(𝑟𝑖 − 𝑟)2, (3.9)

𝛾1 =
1
9
∑9

𝑖=1(𝑟𝑖 − 𝑟)3

𝜎3 , (3.10)

𝛾2 =
1
9
∑9

𝑖=1(𝑟𝑖 − 𝑟)4

𝜎4 − 3, (3.11)

𝑁0 =
9∑
𝑖=1

𝐼 (𝑟𝑖 = 0), (3.12)

𝑁3 =
9∑
𝑖=1

𝐼 (𝑟𝑖 = 3). (3.13)

Table 3.1: Summary of Features in the Enhanced Feature Set

Feature Group Features

Raw PHQ-9 features PHQ-1 to PHQ-9

Entropy features Shannon, Sample, Multiscale, Permutation

Statistical features Variance, Skewness, Kurtosis, Zero-count,
Extreme-count

3.7 Machine Learning Framework

To evaluate the predictive usefulness of the enhanced feature set, the study compares mul-
tiple machine learning models under different feature configurations. Three main configu-
rations are tested:
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• PHQ-9 total sum score only

• Item-level PHQ-9 responses

• Enhanced Feature Set (EFS) = item responses + entropy features + statistical descrip-
tors

The classifiers used in the study are Random Forest, Gradient Boosting, XGBoost, Support
Vector Machine (RBF kernel), Logistic Regression, and Multilayer Perceptron (ANN).

3.7.1 Evaluation Strategy

All models are evaluated using 5-fold stratified cross-validation, where each fold preserves
class representation. The following performance metrics are used: Accuracy, Precision,
F1-score, and Cohen’s Kappa. The conventional PHQ-9 total score serves as the baseline
representation.

3.8 Unsupervised Pattern Discovery

The study goes further than classification. It also looks at the response data to see if there
are any groups or types that we cannot see when we just look at how severe something is.
To do this we use methods that can find patterns on their own. We want to see if there are
any groups, in the response data.

3.8.1 t-SNE Visualization

We use t-SNE to make it easier to see the response patterns. This method helps us take a lot
of data and show it in a simpler way. It keeps the details and helps us see if there are any
clear groups that stand out. We use t-SNE to see the response data in a way that’s easy to
understand.

3.8.2 K-Means Clustering

K-Means clusteringwith 𝑘 = 4 is applied to partition the data into four groups byminimizing
within-cluster variance:

arg min
𝑆

𝑘∑
𝑖=1

∑
𝑥∈𝑆𝑖

∥𝑥 − 𝜇𝑖∥2, (3.14)

where 𝑆𝑖 are clusters and 𝜇𝑖 are their centroids.
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3.9 Threshold Optimization and Clinical Utility

To make entropy really work for us as a way to screen things the study finds the entropy
threshold using something called Youdens J statistic:

𝐽 (𝜏) = 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦(𝜏) + 𝑆𝑝𝑒𝑐𝑖 𝑓 𝑖𝑐𝑖𝑡𝑦(𝜏) − 1, (3.15)

and the optimal threshold is obtained as

𝜏∗ = arg max
𝜏

𝐽 (𝜏). (3.16)

3.10 Statistical Validation

The study tries a lot of ways to check the results and see how the model behaves in different
situations and with different settings. It does this to make sure the findings are correct and
to compare how the model does with levels of severity and, with different features.

3.10.1 One-Way ANOVA

ANOVA is used to test whether entropy values differ significantly across depression severity
groups:

𝐹 =
𝑆𝑆𝐵/(𝑘 − 1)
𝑆𝑆𝑊/(𝑁 − 𝑘) , (3.17)

where 𝑆𝑆𝐵 is the between-group sum of squares, 𝑆𝑆𝑊 is the within-group sum of squares,
𝑘 is the number of groups, and 𝑁 is the total number of observations.

3.10.2 Post Hoc Analysis

Tukey’s HSD test is used for pairwise comparisons:

𝐻𝑆𝐷 = 𝑞(𝛼, 𝑘, 𝑁 − 𝑘)
√

𝑀𝑆𝑊

𝑛
. (3.18)

3.10.3 Paired t-Test for Model Comparison

Paired t-tests with Benjamini–Hochberg correction are used to compare baseline and entropy-
enhanced model performance across cross-validation folds:

𝑡 =
𝑑

𝑠𝑑/
√
𝑛
, (3.19)

where 𝑑 is the mean performance difference, 𝑠𝑑 is the standard deviation of differences, and
𝑛 is the number of folds.
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3.11 Computational Environment

All experiments are implemented in Python 3.10. The computational environment includes
NumPy, pandas, Scikit-learn, XGBoost, TensorFlow, EntropyHub, Antropy, Matplotlib,
Seaborn, and SciPy.

3.12 Chapter Summary

This chapter described the complete methodological framework used in the study, beginning
with PHQ-9 data collection and preprocessing, followed by entropy-based feature extrac-
tion, machine learning classification, unsupervised pattern discovery, threshold optimiza-
tion, and statistical validation.
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Chapter 4

Results and Analysis

4.1 Introduction

This chapter describes the experimental results based on the proposed entropy-enhanced
framework for assessing depression severity. The objective of the chapter is to assess
whether the implementation of entropy-based and statistical response-pattern features can
enhance classification performance beyond traditional PHQ-9 sum-score-based assessment.
Besides predictive assessment, this chapter also considers the statistical significance of en-
tropy within depression severity groups, the hidden response subtypes through unsupervised
analysis, and the clinical usefulness of entropy as a screening signal.

4.2 Overall Classification Performance

The initial aim of the experimental analysis was to compare the predictive accuracy of the
standard PHQ-9-based evaluation with the proposed entropy-enhanced feature representa-
tion. The results reveal that the entropy-enhanced feature set was consistently superior to
the traditional PHQ-9 sum-score baseline across all tested models.

Table 4.1: Performance Comparison Between Baseline and Entropy-Enhanced Feature Set

Model Baseline Acc. Proposed Acc. Baseline Prec. Proposed Prec. Baseline F1 Proposed F1

Random Forest 0.812 0.992 0.805 0.991 0.808 0.992

XGBoost 0.795 0.988 0.791 0.987 0.793 0.988

SVM (RBF) 0.764 0.976 0.758 0.974 0.760 0.975

Neural Network (ANN) 0.782 0.982 0.775 0.980 0.778 0.981

Gradient Boosting – 0.985 – 0.985 – 0.985

Logistic Regression 0.791 0.975 0.786 0.973 0.788 0.974

The RandomForest classifier produced the strongest performance, increasing accuracy from
0.812 in the baseline configuration to 0.992 with the entropy-enhanced feature set. This im-
provement indicates that the conventional PHQ-9 total score does not use all the information
available in the questionnaire responses. The enhanced feature representation captures re-
sponse diversity, irregularity, dispersion, and symptom-organization patterns that remain
hidden when only the final PHQ-9 score is considered.
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4.3 Computational Complexity and Practical Efficiency

Predictive improvement is important, but computational efficiency also counts toward the
practical usefulness of an enhanced framework. Considering the fact that the proposed
method doubles the number of input features from 9 to 18, it is necessary to consider whether
the performance growth is attained at an impractical computational cost.

Table 4.2: Computational Complexity Comparison Using Item-Level Features and En-
hanced Feature Set

Classifier Baseline (9 Fea-
tures)

EFS (18 Features) Interpretation

Random Forest 𝑂 (𝑇 × 9 log 𝑛) 𝑂 (𝑇 × 18 log 𝑛) Linear increase, strong
performance-cost
tradeoff

XGBoost 𝑂 (𝑇 × 9𝑛) 𝑂 (𝑇 × 18𝑛) Parallelizable, scal-
able in practice

Gradient Boosting 𝑂 (𝑇 × 9𝑛) 𝑂 (𝑇 × 18𝑛) Moderate cost, stable
convergence

SVM (RBF) 𝑂 (𝑛2 × 9) 𝑂 (𝑛2 × 18) Highest computational
cost

ANN (MLP) 𝑂 (𝑛 × 9ℎ) 𝑂 (𝑛 × 18ℎ) Linear growth with
features and hidden
units

Logistic Regression 𝑂 (𝑛 × 9) 𝑂 (𝑛 × 18) Lowest cost, highly ef-
ficient

Because PHQ-9 is a short nine-item questionnaire, the enhanced 18-feature representation
remains computationally feasible. The additional feature extraction step therefore provides
a meaningful improvement in classification performance without making the framework
impractical for screening-oriented use.

4.4 Statistical Validation of Entropy Across Severity Levels

To determine whether entropy values differ significantly across depression severity groups,
a one-way ANOVA was performed. The analysis showed a statistically significant group
effect:

𝐹 (4, 2034) = 41.73, 𝑝 < 0.001, 𝜂2 = 0.076. (4.1)
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This finding implies that entropy does not remain constant across levels of depression sever-
ity and that the differences are not caused by random error. Notably, the trend of entropy
was not linear. Instead of rising steadily with severity, entropy reached its highest level
in moderate depression and decreased in severe depression. This trend is an indication of
something interesting- in moderate cases of depression, the patient can experience their
symptoms shifting and scattered, appearing in unpredictable configurations, whereas in se-
vere cases the patient may find themselves having a much heavier, more homogeneous load
to bear, with almost everything suddenly and strongly affected.

4.5 Post Hoc Analysis of Group Differences

The ANOVA test shows us that there is a difference among the groups but it does not tell us
exactly where this difference is. So we did a Tukey HSD post hoc analysis to learn more.
This analysis helps us figure out which groups are really different from each other. We
wanted to know which groups have meaningful differences so we used the Tukey HSD post
hoc analysis to find out. The ANOVA test is useful. The Tukey HSD post hoc analysis
gives us more details about the differences, between the groups.

Table 4.3: Post Hoc Tukey HSD Results for Entropy Differences

Comparison Mean Difference p-adj Significant

Moderate vs. No Depression -0.4367 0.000 Yes

Moderately Severe vs. No Depression -0.4119 0.000 Yes

Moderate vs. Severe -0.1465 0.000 Yes

Moderately Severe vs. Severe -0.1216 0.000 Yes

Moderate vs. Moderately Severe -0.0249 0.134 No

When we look at the results after the fact we can see that the groups with levels of severity
are actually different in important ways when it comes to entropy. But there is something
to note. The groups that are moderate and moderately severe are not really different, from
each other. This means that how complicated the responses are does not always fit into
the categories that we usually use to describe severity. This actually makes the main point
stronger. The way people answer the PHQ-9 questions tells us something. The PHQ-9
responses carry information that we might miss if we just look at the score.

4.6 Unsupervised Pattern Discovery and Cluster Analysis

More than merely categorizing the responses, based on known degrees of severity, the study
went a step further by posing a more open ended question: are there naturally occurring

40



Mental Health Report

subgroups sweeping op within the data ones that were not difinited by clinical categories to
begin with? To investigate this, t-SNE visualization, and K-Means clustering were intro-
duced. What was created was impressive in that there were four different phenotypes that
emerged upon the paper, creating the even appearing level of depression that were all on
the same level when paper.

Figure 4.1: t-SNE Visualization of Response Pattern Phenotypes

Table 4.4: Response Pattern Cluster Analysis

Cluster Depression Score Shannon Entropy Sample Entropy Depression Level

0 16.87 ± 2.83 0.480 0.366 Moderately Severe

1 15.13 ± 2.43 0.377 0.336 Moderately Severe

2 23.27 ± 2.35 0.277 0.414 Severe

3 7.27 ± 3.12 0.304 0.415 Mild

Key Observations from Clustering

• Two different groups of people were found in the category and this shows that people
with similar scores do not always have similar experiences with the Patient Health
Questionnaire 9.

• The group with the severe symptoms had the highest scores but they also had the
lowest variation in their symptoms, which means that they had a consistent and heavy
burden of symptoms.

41



Mental Health Report

• The group with symptoms had lower scores but their symptoms were all over the
place and hard to predict which was a surprise.

• To put it simply the Patient Health Questionnaire 9 scores do not always mean that
people have the type of symptoms the Patient Health Questionnaire 9 scores only tell
part of the story, about the Patient Health Questionnaire 9.

4.7 Entropy Threshold and Clinical Utility

To see if entropy really works in the world especially for finding severe depression early
the study did something called ROC analysis and threshold optimization. The study used
something called Youdens J statistics to find the entropy threshold. This helped the study
find the level of entropy that can signal when someone has severe depression. The study
found an entropy threshold of

𝜏 = 0.439. (4.2)

At this point the framework gave us these results:

• Sensitivity = 0.771

• Specificity = 0.793

• AUC = 0.852

Table 4.5: Clinical Performance at the Optimal Entropy Threshold

Metric Value

Sensitivity 0.771

Specificity 0.793

Threshold 0.439

AUC 0.852
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Figure 4.2: ROC Curve: Entropy for Detecting Severe Depression

The corrected ROC result really supports the idea that entropy’s not just a statistical oddity
it actually helps tell severe depression apart from other levels with an AUC of 0.852. This
is a sign that it can screen well and it really supports the idea that entropy could be a useful
extra tool in clinics. Its not meant to replace existing tools but to add another layer of
understanding that traditional scoring might not catch.

The entropy helps distinguish depression and it could serve as a valuable signal, in clinical
settings the entropy is a valuable complementary signal. The threshold of 0.439 should not
be interpreted as a standalone diagnostic rule; rather, it provides an additional response-
complexity marker that may support PHQ-9 interpretation when used with established clin-
ical screening procedures.

4.8 Discussion of Key Findings

Several major conclusions can be drawn from the results presented in this chapter. First,
the entropy-enhanced feature set significantly improves depression severity classification
across all evaluated machine learning models, with Random Forest producing the strongest
performance. Second, entropy is shown to be statisticallymeaningful across severity groups,
but its relationship with depression is not linear. Third, clustering reveals that people with
similar total PHQ-9 scores may still belong to different response-pattern subtypes. Fourth,
entropy demonstrates practical utility as a screening indicator through threshold optimiza-
tion and ROC analysis, with the corrected ROC result showing an AUC of 0.852.
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4.9 Chapter Summary

This chapter showed what happened when the proposed entropy-enhanced framework was
used to measure the severity of depression. Overall, the results show that response-pattern
complexity provides important additional information about depression severity. The clas-
sification results, statistical validation, clustering findings, and ROC-based threshold anal-
ysis collectively support the view that depression should be understood not only in terms of
symptom burden, but also in terms of the internal organization of symptoms.
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Chapter 5

Case Studies

5.1 Introduction

This chapter showcases curated case studies from contemporary digital mental health re-
search on depression, aiming to link the proposed framework of this study with practical
applications. The objective of this chapter is not solely to summarize previous studies,
but to assess how these real-world examples support the broader shift toward data-driven,
technology-assisted mental health evaluation and treatment.

5.2 Criteria for Case Study Selection

The case studies were selected based on three criteria. First, the selected studies had to focus
directly on depression or depressive symptoms rather than on general mental health alone.
Second the studies had to use behavioral or questionnaire-based data in a way that really
connects with this studys focus on using computers to analyze things. They had to do more
than scratch the surface of computational analysis. They had to really dig in and understand
it. Third the selected studies had to be about life and show how digital tools, machine
learning or using data to make decisions can actually help with screening, monitoring or
supporting people rather than just being ideas that do not really work. The digital tools,
machine learning and data driven approaches had to make a difference in the world and the
studies had to show this so the studies, on digital tools machine learning and data driven
approaches were chosen because they did that.

5.3 Case Study 1: Smartphone-Based Depression Identification Using
Minimal App Usage Data

The work that Ahmed and Ahmed did is a good example of how digital mental health re-
search is being used. They made a smartphone system called Mon Majhi that can find out if
university students are depressed. What is really cool about this system is that it is very fast.
It can look at what apps you used over the seven days in just one second. Then it uses this
information to figure out if you’re depressed or not. Ahmed and Ahmed got one hundred
university students in Bangladesh to take part in their study. They looked at the students
PHQ- responses. Also, at how they really used their smartphones. This helped them get
an understanding of the students mental health. The results of the study were very good.
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The best model they used which is called gradient boosting was able to correctly identify
eighty-two point four percent of the students who were depressed. It was also able to be
seventy-five percent of the time and it had an F1-score of seventy-eight point five percent.
The study also did something important which is that it tried to be transparent. Ahmed and
Ahmed used something called SHAP-based interpretation to explain how their model was
making its decisions. This helped them understand which behaviors were actually causing
the model to say that a student was depressed. The MonMajhi system is an example of how
digital mental health research can be used to help people.

Why This Case Matters

• It shows that even a little digital data about how people behave can help find depres-
sion.

• The study uses the PHQ-9 method, which makes it relevant, to our research.

• Machine learning can really help doctors find depression easily.

• This study agrees with the idea that mental health systems should be easy to use and
not too expensive and work well in life.

5.4 Case Study 2: Digital Data-Driven Therapeutic Intervention for
Depressive Symptoms

Another good example is, from Fatouros et al,[33] They tested an intervention that used data
to help people. This was done through a study where some people got the intervention and
others did not. They wanted to see if it could really help with depression and anxiety symp-
toms in life. This study examined a 16-week decentralized, randomized, waitlist-controlled
intervention that integrated wearable sensor data with a mobile application to deliver per-
sonalized CBT-based support. The study enrolled 200 adults, with 164 completing the in-
tervention, and used PHQ-9 and GAD-7 measures to track symptom change over time. The
results showed that the intervention group experienced significant reductions in depressive
symptoms, with a mean change of −5.61 compared with controls, alongside significant anx-
iety reduction and strong engagement.

Practical Relevance to the Present Study

• Confirms the value of digital, data-driven mental health systems.

• Shows that PHQ-9-based symptom tracking can be integrated into intervention work-
flows.

• Supports the idea that richer mental health representations may improve personaliza-
tion.
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• Strengthens the argument that computational methods have clinical as well as analyt-
ical value.

5.5 Case Study 3: Scalable E-Mental Health Intervention Across Trial
and Real-World Settings

A third highly relevant case is the study by Xu et al. [34], which examined a scalable e-
mental health intervention for depressive symptoms using both a randomized controlled
trial and large real-world datasets. The research included three studies: a randomized trial
with approximately 94 wait-list participants and 93 intervention participants in the analyzed
comparison, a real-world user study with 11,554 first-time users, and a second large-scale
real-world study with 44,018 first-time users. Across these settings, depressive symptoms
were measured using PHQ-9, and the intervention combined guided mindfulness and ther-
apeutic writing practices within a structured e-mental health program.

Why This Case Is Strong for the Report

• Demonstrates scalability from controlled trial to large naturalistic settings.

• Uses PHQ-9 repeatedly as a structured outcome measure.

• Connects depression assessment with real-world digital mental health deployment.

• Shows why improving PHQ-9 interpretation can have value in large-scale systems.

5.6 Comparative Discussion of the Case Studies

Taken together, the three case studies reveal several important patterns. First, all of them rely
on structured, measurable mental health data rather than only unstructured clinical impres-
sions. Second, each study combines PHQ-9 or related depressive symptom measures with
some form of computational or digital system. Third, all three studies show that depression-
related information becomes more useful when it is analyzed in richer and more contextual
ways—whether through smartphone behavior, wearable-integrated interventions, or scal-
able app-based programs.
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Table 5.1: Comparative Summary of Selected Case Studies

Case Study Main Focus Data Source Role of
PHQ-9

Relevance to
Present Study

Ahmed and
Ahmed [31]

Smartphone-
based depression
identification

App usage +
PHQ-9

Screening la-
bel

Shows value of
digital behav-
ioral features

Fatouros et al.
[33]

Digital therapeu-
tic intervention

Wearable + app +
questionnaires

Symptom
monitoring

Shows practical
role of structured
digital assess-
ment

Xu et al. [34] Scalable e-mental
health interven-
tion

App-based inter-
vention + PHQ-9

Outcome
measure

Shows scala-
bility of PHQ-
9-based digital
systems

5.7 Implications of the Case Studies for the Present Research

The selected case studies strengthen the practical relevance of the present report in three
ways. These studies are really important because they tell us some truths about the PHQ-9.
The PHQ-9 is not a questionnaire that doctors use. It is an useful tool that helps us learn
more about mental health and it is used in many real-life situations. The studies also show us
that machine learning and data, from smartphones and wearable systems are very helpful.
These things are moving the field of health in a very exciting direction. The PHQ-9 and
these new technologies are great. The studies also show us that there is still a lot to learn.
We need to understand what people are really telling us when they answer questions not just
look at their scores. The PHQ-9 is a tool and it can help us do that.

5.8 Chapter Summary

This chapter looked at three examples from recent studies on digital mental health. Each
example shows us where this field is going. When we look at all three examples together
they give us an idea. Digital mental health is becoming more connected to machine learning
the things people do devices that people wear and online help. This shows a change in
how we think about and deal with mental health. At the time these examples remind us of
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something that has not changed. The PHQ-9 is still a trusted tool that many people use to
measure health. It is still a part of research even as the technology, around it changes.
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Chapter 6

Discussion

6.1 Introduction

This chapter takes a step back from the numbers. Looks at what the findings really mean.
The discussion is some big questions. Whatmade the proposed frameworkworkwell? What
does the weird behavior of entropy tell us about how depressive symptoms show up? How
do the different response patterns that we found change our understanding of depression?
What does all of this mean, for the future of health screening systems? The discussion
explores these questions and more looking at the picture of mental health and the proposed
framework and depressive symptoms and the future of mental health screening systems.

6.2 Interpretation of the Improved Classification Performance

One of the interesting things we found out from this research is howmuch better the classifi-
cation performance got when we started using entropy-based features. The Random Forest
model by itself went from being about 81.2% of the time using just the PHQ-9 total scores to
being right about 99.2% of the time when we added entropy and statistical response-pattern
features. This is not a big technical deal it also means something important. It shows that
the usual way of assessing things by adding up scores, which is useful misses some impor-
tant information. This information was always there, in the PHQ-9 responses we just had to
find a way to uncover it. The PHQ-9 responses had more to tell us and using entropy-based
features helped us hear it.

This observation augers quite well with what we said in the report. Not everyone has de-
pression. It has little to do with an individual to another. This implies that the score of the
severity of their depression can be shared by two people but their symptoms could be very
different. They can also have these symptoms in an order or have more of some symptoms
than others. By examining the complexity of the symptoms we are able to obtain an idea of
what is being done. This is more helpful than looking at the total score. The overall score
fails to reveal the differences and patterns, in the symptoms that people are experiencing.
Depression is complex. Does not always follow a simple pattern. Our current look at it
assists us to observe this complexity and comprehend it even more.
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6.3 Meaning of the Nonlinear Relationship Between Entropy and De-
pression Severity

One of the surprising things we found in this research is that the relationship between en-
tropy and depression severity is not simple. When we looked at the statistics we saw that
entropy does not just go up as depression gets worse. Instead people with depression had
the highest levels of entropy. People with severe depression actually had lower levels of
entropy. This shows that the connection between depression severity and response com-
plexity is not straightforward. A possible reason for this pattern is that moderate depression
may be a state where symptomsre more mixed and not consistent across different areas of
a persons life. It is like the experience is still changing and not settled. Severe depression
on the hand may bring a kind of consistency, where symptoms are similar. The response
pattern is less varied. No less serious. Depression severity and entropy are connected,. In a
complex way. Depression severity affects entropy and entropy reflects depression severity.
The relationship, between depression severity and entropy is not easy to understand.

6.4 Discussion of Hidden Response Subtypes

The unsupervised clustering results add a lot of value to what the data’s showing. The four
distinct response patterns that emerged suggest that PHQ-9 responses have a hidden sub-
group structure. This structure goes beyond the clinical severity categories. What stands
out is that within the severe range two subtypes appeared. These individuals had identical
PHQ-9 scores but their entropy profiles were different. This shows that regular severity
labels might be grouping people together. Their internal symptom organization is actu-
ally quite different from one another. A simple score wouldn’t reveal this difference on its
own. The PHQ-9 response patterns are important. They help us understand the data better.
The clustering results give us insights into PHQ-9 responses. The subgroups, in PHQ-9
responses are meaningful.

6.5 Relevance to Existing Literature

The results of this study match what other researchers have been saying. They have been
questioning whether the usual way of scoring tests really shows the picture [14]. Other stud-
ies have found that the total score on the PHQ-9 test can hide differences in how symptoms
appear. They also found that looking at each question on the test can reveal patterns that
scoring the test cannot. This study takes it a step further by showing that looking at each
question can improve how well we can tell how severe someones symptoms are. It also
shows that this approach can find patterns and groups that the total score cannot.

This study is also related to recent work in behavioral science and psychiatry. These fields
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are finding that mental health data does not always follow a straight line [12]. This study is
part of a movement in digital mental health and research, on digital biomarkers. The field
is moving towards using data and better ways of understanding mental health conditions.
The PHQ-9 test and mental health research are becoming more complex and detailed. The
study of health conditions and the PHQ-9 test are getting more attention and more research
is being done to understand them better.

6.6 Practical and Clinical Implications

What makes this study really important is that it does not need to get rid of a tool that doctors
already use and like. The new framework is not meant to replace the PHQ-9 it is meant to
work with the PHQ-9 and add information about how people answer questions. This is a
strong idea: if we look at the answers to the questions in a smarter way not just the total
score then we can get more information from the tests without making it harder for people
to fill them out.

The idea of an entropy threshold is also very useful. The best cutoff point of 0.439, for
finding depression means we can use entropy to help identify the kinds of symptoms that
are often seen in severe cases. The corrected analysis supports this idea with a score of
0.852 which shows that this approach is working. This does not mean entropy should be
used alone to diagnose depression. It shows that a measure of complexity can be used in a
way that is meaningful and easy to understand in a clinical setting. The PHQ-9 and entropy
can work together to help doctors understand the PHQ-9 results better. The study of entropy
and the PHQ-9 is important because it can help us use the PHQ-9 in a way.

6.7 Methodological Implications

The study is indeed a good one since it unites various fields of research. The PHQ-9 is a
base, for this research. Next there is entropy measures. Assistance (Please, help). Enable us
to perceive the complex aspects that people are talking about. Machine learning picks up on
this information and determines whether it can assist us in making predictions. Clustering
assists us in revealing the clusters that it hides underneath the surface. Statistical tests ensure
that what we discover is no less than real and is not an accident. The PHQ-9 and entropy
measures, machine learning and clustering, and statistical tests are all collaborative. All
these sections are essential. They are all combined in order to make something really useful.
The PHQ-9 and machine learning and clustering and statistical tests all form a part of this
research.
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6.8 Limitations in Interpreting the Discussion

While the conclusions carry real weight, it is important to view them through the lens of
the study is design and the context in which they were reached. The information is based
on a relatively homogeneous sample of students, and therefore the trends may be influ-
enced by the specifics of the sample. In addition, the results are obtained through internal
cross-validation and are not externally validated on a different clinical dataset. Therefore,
the unusually high classification performance should be viewed as evidence of strong in-
ternal validity but should not be interpreted as evidence that the findings apply to the entire
population.

6.9 Chapter Summary

This chapter explained the key results of the research in relation to depression assessment,
response-pattern complexity, and the broader literature. Overall, the discussion confirms
the main conclusion that depression severity should be viewed not only through the lens of
symptom burden, but also through the lens of symptom arrangement.
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Chapter 7

Conclusion and Future Work

7.1 Conclusion

This paper aimed to investigate whether depression severity assessment could be enhanced
by moving beyond the traditional PHQ-9 sum-score method and by considering the hidden
complexity of item level response patterns. The results show that this goal was really ac-
complished. The proposed framework brought together metrics that are based on entropy,
statistical descriptors and machine learning approaches. This framework gave a clearer and
more detailed picture of PHQ-9 responses. It did a job of classifying results than the tradi-
tional score-based approach.

The study made one thing very clear: entropy is not a complicated math idea that is added
to the analysis. It is actually an useful tool for evaluating mental health. The statistical
analysis showed that entropy changes a lot across levels of depression severity. The post
hoc results and clustering analysis showed that this relationship is not simple. Entropy was
highest at depression and then decreased at severe depression. This finding goes against the
idea that more symptoms automatically means mixed up or varied responses. In fact severe
depression seems to make symptoms more consistent and uniform than all, over the place.
PHQ-9 responses were more predictable when depression was severe.

Another important thing to note is how the study combines its methods. The framework
uses a mix of tools including an used questionnaire, math-based measurements, predictive
modeling, grouping and statistical checks. These are all brought together into one under-
standable process. Importantly this doesn’t replace the PHQ-9. Instead the study shows
what can be achieved when computer analysis is used to get insight from what the PHQ-9
already provides. The study makes an argument, for using computational analysis to unlock
a deeper layer of meaning from the PHQ-9.

7.2 Future Work

Though the results of this paper are promising they also create an avenue to a set of construc-
tive directions that can be developed in future studies. Outside validation of the framework
comparing them to independent datasets of clinically diverse patients constitutes the most
immediate need. As the current work is based on the responses of the university students,
subsequent studies must go beyond the same boundary and explore the extent to which the
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methodology can be held steady among the larger groups of the population (such as various
age groups, clinical patients, diverse communities, etc.). The second significant direction
is to introduce a longitudinal aspect to it. This investigation represents the responses of the
PHQ-9 at only one point in time but it is rarely the case that a depression remains stationary
at any single point in time it moves, intensifies and in some cases lifts up over a period of
time. Further studies could examine the dynamics of changes in the value of entropy over
repeated evaluations and whether dynamic changes in the complexity of responses can be a
predictive indicator of advancement, improvement, or the risk of relapse. The potential of
the expansion to multimodal data sources also has a real promise. The existing paradigm
operates only under the questionnaire responses but the digital mental-health is expanding
rapidly to incorporate passive-sensing, behavioral-logs, physiological-signals and mobile
interaction-data [5, 8, 9]. The combination of entropy based PHQ-9 features and these richer
inputs may open the way to the fairly more robust, and at the same time more sensitive to the
full picture of a person is experience. Regarding the methodological front future work may
as well venture into more machine learning and explainability approaches that may help us
to gain a deeper insight into how and why the framework functions in the way that it does.
And lastly, perhaps one of the most valuable opportunities in the future is to understand how
an entropy-based analysis of response might one day be applied to offer truly personalized
mental health care to an individual past merely responding to an aggregate trend and instead
begins to engage with the individual.
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