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Abstract

Context and background. Depression has affected millions of people worldwide and
has become one of the most common mental disorders. Early mental disorder detec-

tion can reduce costs for public health agencies and prevent other major comorbidities.
Additionally, the shortage of specialized personnel is very concerning since depression
diagnosis is highly dependent on expert professionals and is time-consuming. Research
problems. Recent research has evidenced that machine learning (ML) and natural lan-
guage processing (NLP) tools and techniques have significantly benefited the diagnosis
of depression. However, there are still several challenges in the assessment of depres-
sion detection approaches in which other conditions such as post-traumatic stress disor-
der (PTSD) are present. These challenges include assessing alternatives in terms of data
cleaning and pre-processing techniques, feature selection, and appropriate ML classifica-
tion algorithms. Purpose of the study. This paper tackles such an assessment based on
a case study that compares different ML classifiers, specifically in terms of data cleaning
and pre-processing, feature selection, parameter setting, and model choices. Methodol-
ogy. The experimental case study is based on the Distress Analysis Interview Corpus -
Wizard-of-Oz (DAIC-WQOZ) dataset, which is designed to support the diagnosis of mental
disorders such as depression, anxiety, and PTSD. Major findings. Besides the assess-
ment of alternative techniques, we were able to build models with accuracy levels around
84% with Random Forest and XGBoost models, which is significantly higher than the
results from the comparable literature which presented the level of accuracy of 72% from
the SVM model. Conclusions. More comprehensive assessments of ML classification
algorithms and NLP techniques for depression detection can advance the state of the art
in terms of improved experimental settings and performance.

1 Introduction

Depression has affected millions of people worldwide. It is considered a common mental
disorder not only because of the increasing number of cases but also because of its intrinsic
relation to other psychiatric and physical illnesses such as stroke, heart disease, and chronic
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fatigue. The effects of the pandemic on general mental health, the recent rise in cases of men-
tal health issues, and the shortage of professionals specialized in the diagnosis and treatment
of mental disorders such as depression all characterize a serious issue that can have several
negative implications for society.

In this context, one way to help to cope with the effects of the rising number of depres-
sion cases and the shortage of medical specialists is to introduce early detection methods.
Recent research has evidenced that machine learning (ML) and natural language processing
(NLP) tools and techniques can significantly benefit the early diagnosis of depression. How-
ever, there are still several challenges in the assessment of depression detection approaches in
which other conditions such as post-traumatic stress disorder (PTSD) are present. These chal-
lenges include assessing alternatives in terms of data cleaning and pre-processing techniques,
feature selection, and appropriate ML classification algorithms.

This paper tackles such an assessment based on a case study that compares different ML
classifiers, specifically in terms of data cleaning and pre-processing, feature selection, param-
eter setting, and model selection. The case study is based on the Distress Analysis Interview
Corpus - Wizard-of-Oz (DAIC-WOZ) dataset [1], which is designed to support the diag-
nosis of mental disorders such as depression, anxiety, and PTSD. Besides the assessment of
alternative techniques, we were able to build models with accuracy levels around 84% with
Random Forest and XGBoost models, which is significantly higher than the results from the
comparable literature which presented the level of accuracy of 72% from the SVM model.

The proposed approach advances the state of the art in terms of improved experimental
settings and performance. In this sense, we follow a comprehensive experiment workflow
to select the optimum model. Ths workflow allows to explore distinct preprocessing tech-
nologies, multiple feature combinations, varied parameters, and different selected estima-
tors. Exploring different aspects based on an explicit workflow helped us to reach perfomance
improvements in the case study.

This paper is structured as follows. Sect 2 presents related work. Sect 3 describes our exper-
iment design and Sect 4 presents the results of our study. Sect 5 provides some discussion on
insights about the models, selected features, and other factors and their dependencies. Sect 6
describes threats to validity, and, finally, Sect 7 presents our conclusions and future work.

2 Related work

Regarding depression detection in general, recent studies have shown that machine learn-

ing tools can be applied to predict mental health diseases. Saqib et al. conducted a literature
review to investigate the use of machine learning in the prediction of postpartum depression
(PPD) and found 14 research works in this theme. Findings revealed progressive results in
performance of machine learning methods and techniques that could benefit early PPD detec-
tion significantly [2]. A meta-analysis and systematic review conducted by Lee et al. examined
the use of machine learning algorithms to predict mood disorders and support on the selec-
tion for treatment and therapy. Authors provided an overview of machine learning applica-
tions applied to population with mood disorders. The study indicated high accuracy results in
the the prediction of therapeutic outcomes, and conclusions suggested that machine learning
techniques could be powerful tools in supporting the research of mood disorders and analysis
of multiple types of data from diverse sources [3].

Spacic and Goran have conducted a study to investigate the use and application of text data
on clinical practice using machine learning and NLP techniques [4] The study was based on a
systematic literature review aiming to collect information about research related these knowl-
edge areas. Findings revealed major barriers to use machine learning for clinical practice such
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as a lack of use of large datasets to train models and difficulties in the annotation process. The
authors” conclusions suggested further research in unsupervised learning or data augmenta-
tion and transfer learning. Finally, although we have identified related literature reviews and
practical applications, there is still a need to advance the application of techniques to support
depression detection models and improve their accuracy.

In terms of the ways NLP techniques can be applied in the study of clinical depression, for
example, using social media data or other forms of text data, the related efforts falls into the
following categories:

o The articles which compare different techniques in order to find the best model according
to some evaluation metrics, such as [5-13].

« The articles that proposed new detection or prediction models, platforms, or systems,
namely [13-21] or articles regarding specific applications [15,22-30].

o The articles focused on advanced feature selection techniques based on nature-inspired
computing algorithms, applied to disease prediction [31-34].

Specifically, regarding the articles from the third group, some authors [34] introduce an
innovative approach leveraging the Ant-Lion Optimization algorithm to select relevant fea-
tures from large datasets, applied to chronic diseases such as diabetes, diabetic retinopathy,
skin cancer, and heart disease. In [32] the researchers optimize feature selection in fundus
images using a hybrid of the Emperor Penguin Optimization (EPO) and Bacterial Forag-
ing Optimization (BFO) algorithms, achieving high accuracy in glaucoma detection. The
authors of [31] propose a hybrid approach combining the Gravitational Search Algorithm
(GSA) and EPO for effective binary breast cancer classification. Finally, in [33] a similar strat-
egy using the Wisconsin Diagnostic Breast Cancer (WDBC) dataset focuses on improving
model generalization and providing reliable clinical diagnostic support. Although feature
selection is a pivotal part of our work, these articles are not directly comparable because they
are derived from numerical data, such as those from bioinformatics, medical images, and fea-
tures extracted from biomedical datasets. However, these techniques may be adapted and
applied to text data or NLP features calculated from a dataset like DAIC-WOZ, which consists
of interviews with subjects.

We have also found several articles which belong to more than one group. For instance, we
have found articles proposing a new model and testing it along with other techniques, such as
[35] whose authors proposed a system to detect depression using NLP techniques and com-
pared the performance of this method with multiple machine learning algorithms in order to
identify best-performing configuration.

Similarly, article [25] presents a machine learning framework for the automatic detection
and classification of 15 common cognitive distortions (defined by the authors as automatic
and self-reinforcing irrational thought patterns) in two novel mental health free datasets col-
lected from both crowdsourcing and a real-world online therapy program, comparing the
results of such framework with multiple traditional machine learning models/techniques (e.g
XG-Boost, SVM, CNN, and RNN). Likewise, the authors of [36] present an automated con-
versational platform that was used as a preliminary method of identifying depression associ-
ated risks and have its results compared with the ones provided by the classic SVM classifier.
Moreover, this article goes further on the classification task and looks for the identification
of different levels of states (‘happy, ‘neutral, ‘depressive’ and ‘suicidal’) like the work of the
authors of [24] which classifies different degrees (or categories) of depression (Minimal, Mild,
Moderate, Severe). There are also articles on specific applications involving the proposal of
new detection models, systems, or platforms in a specific context. For example, in [15], the
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authors present DEPA, which is a self-supervised, pre-trained depression audio embedding
method for depression detection, and also explore self-supervised learning in a specific task
within audio processing.

Regarding ML models and techniques applied in depression studies, two main groups of
studies emerge:

o First group: Articles whose techniques were applied in studies comparing traditional
machine learning models to identify the best model according to some evaluation metrics
(i.e. accuracy), such as in [5-12].

o Second group: Articles proposing new techniques for depression detection in a specific
context [13-18,23-26,37]. These techniques were compared with the traditional models.

As for the techniques mentioned in the articles from the first group, we can highlight:

(a) Support Vector Machine (SVM) [5-12]: (b) Random Forest (RF) [5-8,10-12]: (c) Gradi-
ent Boosted Trees (XGBoost) [6,12]: (d) Naive Byes Classifiier [6,7,11]: (e) Logistic Regres-
h) Stochastic Gradient Boost Classifier [7]: (i) Long short-term memory (LSTM)/ recur-
rent neural network (RNN) [8]: (j) Ensemble methods [8]: (k) Multilayer Perceptron Clas-
sifier (MLP) [9]: (1) Multinomial Naive Bayes (NB) [11]: and (m) K-Nearest Neighbor
(KNN) [11],

Along with most of the traditional machine learning models mentioned in the articles
from the first group, it is worth mentioning the following techniques used in the articles in
the second group: a) Deep neural network classification model - Multimodal Feature Fusion
Network (MFFN) [13]: b) Bidirectional Encoder Representations of Transformers (BERT);
and c) Robustly optimized BERT approach (RoBERTa). Still, regarding the second group, we
have identified the use of some transformer models [37], which are semi-supervised machine
learning techniques that are primarily used with text data, and constitute an alternative to
recurrent neural networks in natural language processing tasks. Basically, it consists in deep
learning models that adopt the mechanism of self-attention, deferentially weighting the sig-
nificance of each part of the input data. It is used primarily in the field of natural language
processing (NLP) and in computer vision (CV).

In summary, although we also found some unsupervised models among the articles in the
second group, most of the work in the literature seems to focus on supervised approaches
such as Support Vector Machines, Random Forest, and XGBoost. Finally, Despite these
advancements, further research is required to refine depression detection models and enhance
their precision.

In another example of a representative article from the second group, in [38] the authors
evaluated four different classifiers (XGBoost, Random Forest, Logistic Regression, and SVM)
using textual data extracted from social media (i.e., Twitter) to predict depression levels, per-
forming direct comparisons of accuracy and computational efficiency between the mod-
els. Similarly to our study, the authors conducted data cleaning and feature extraction steps,
including the removal of stop words, stemming, and lemmatization, to preprocess the textual
data for the models. However, beyond the difference in data sources, differences were also
observed in the types of data analyzed. While our study focuses on textual data derived from
transcribed interviews, exploring features such as average response time, word frequency, and
sentiment metrics specific to each question, these authors [38] analyzed general sentiments
and keywords in social media posts, placing less emphasis on introducing more complex
features.
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Specifically regarding the articles using the DAIC-WOZ database the detection of depres-
sion through ML and NLP has presented varied approaches, with a significant body of lit-
erature exploring this domain. The methodologies range from text analysis on social media
[39] to speech emotion analysis [40], highlighting the multidisciplinary nature of the field.
In [41], the authors trained ML models on textual data from AVEC-19, a subset of the 160
DAIC-WOZ corpus, to identify individuals with PTSD through sentiment analysis of semi-
structured interviews, achieving a balanced accuracy of 80.4%. Furthermore, they imple-
mented various partitioning techniques to evaluate the generalizability of the model, demon-
strating that it is possible to use sentiment analysis in speech to identify the presence of
PTSD, even in a virtual environment. In contrast to the approach described in [41] our study
addresses a variety of algorithm combinations and provides an exhaustive investigation of fea-
ture selection and hyperparameter tuning. Additionally, while the authors in [41] address sen-
timent analysis features, our work expands the analysis by incorporating aspects such as word
frequency and speech-based metrics.

Text-based studies, like those conducted by Liu et al. [39] and Chaves et al. [42], focus on
detecting depressive symptoms using sentiment analysis and summarization techniques on
social media platforms. These studies emphasize the potential of text mining in identifying
depression but also recognize the challenges of data bias and privacy concerns. In contrast,
speech-based analyses, as can be found in the works of Bhavya et al. [40], Squires et al. [43],
and Cummins et al. [44], investigate acoustic features and speech patterns using datasets like
DAIC-WOZ for emotion recognition, presenting the challenge of data scarcity and the need
for robust and generalizable models.

Studies like Krishna and Anju [45] and Nguyen et al. [46] extend the exploration into
multimodal domains, arguing for the combination of audiovisual cues with linguistic anal-
ysis. They highlight the potential of deep learning models to integrate these diverse data
streams for higher diagnostic accuracy. This trend is echoed by Nouman et al. [47], which
explores contactless sensing technologies, underscoring the importance of multifaceted data
in enhancing predictive models.

The gaps in the literature are prominently presented, with a recurring theme being the
scarcity of large and diversified data sets, a challenge that Silva et al. [48] and Yan et al. [49]
address by calling for open-access resources to bolster research efforts, tackling everything
from data scarcity to ethical dilemmas. More specifically, these studies offer comprehensive
reviews, the former focusing on computational methods and databases and the latter on the
broader challenges that Al faces in recognizing mental disorders (for example, addressing log-
ical fallacies and diagnostic criteria that often hinder Al’'s potential in mental health). These
reviews also highlight the gaps in standardization and the need for longitudinal analyses to
advance the field.

Similarly, Song et al. [50] and Janardhan and Nandshini [51] emphasize the role of deep
learning and feature selection in improving the accuracy of depression prediction, pointing
out the limitations of small data sets and advocating for larger and more diverse data collec-
tions.

Additionally some of the mentioned studies (such as [48] and [49]) methodologically
reveal a preference for ensemble and hybrid ML models. This information is also evidenced
in the works of Mao et al. [52] and Janardhan and Nandhini [51], which prioritize the com-
bination of classifiers for improved predictive outcomes. In fact, Mao et al. [52] provides a
systematic review of automated clinical depression diagnosis, synthesizing findings across
264 studies. The review emphasizes the importance of acoustic features and their correlation
with observable symptoms, while also pointing out methodological variations and ethical
considerations that need to be addressed in future research.

PLOS One | https://doi.org/10.1371/journal.pone.0322299 May 28, 2025 5/ 22



https://doi.org/10.1371/journal.pone.0322299

PLOS One

Assessing ML classification algorithms and NLP techniques for depression detection

The research also points to a growing dependence on sophisticated data preprocessing
and feature extraction techniques, as detailed in Aleem et al. [53] and Nouman et al. [47],
to mitigate the problems of class imbalance and data scarcity. Indeed, Aleem et al. [53] and
Ndaba et al. [54] discuss the complexities of data handling techniques for depression predic-
tion, addressing the problem of class imbalance prevalent in health records. They suggest that
future work should explore under-sampling techniques and regression modeling for a more
nuanced approach to depression detection.

Finally, ethical concerns, particularly in studies leveraging social media data for depres-
sion detection, are also a significant consideration, necessitating a delicate balance between
innovation and privacy, as highlighted in [39] and [49].

In summary, the kaleidoscope of methodologies ranges from the traditional - decision
trees and SVMs, explored in Yang, Jiang, and He [55] and Yang et al. [56], to the avant-garde
- deep learning architectures that carve out nuanced patterns within multimodal data sets,
as highlighted in Squires et al. [43] and Krishna and Anju [45]. These methodologies are not
without their challenges, as elucidated by Cummins et al. [44], where the limitations of dataset
sizes and deep learning’s voracious appetite for data become apparent.

Although these articles use the same dataset used in our work, we were able to spot several
differences. Our work, utilizes the DAIC-WOZ database predominantly for PTSD patients,
implementing sentiment analysis within NLP to analyze clinical interviews. In contrast, the
approach of Liu et al. [39] capitalizes on the expanse of social media, engaging with a more
volatile and expansive data collection environment. Our methodology provides a narrower
scope compared to Liu et al’s review of diverse social platforms for depressive symptom detec-
tion, emphasizing sentiment analysis tailored to PTSD. In the realm of speech emotion analy-
sis, while Bhavya et al. [40] narrows down to depression recognition via speech emotion anal-
ysis using the same database, our work extends the analysis to encompass a broader spectrum
of mental disorders. This comprehensive approach allows us to evaluate classifier performance
across different mental health conditions, including depression, anxiety, and PTSD. Addition-
ally, our work remains grounded in the domain of NLP tasks related to depression, utilizing
ML classifiers, whereas Krishna and Anju [45] and Nguyen et al. [46] advocate for a multi-
modal approach. This highlights our specific focus on linguistic analysis as a powerful tool for
mental health diagnostics, despite recognizing the value of multimodal approaches.

When addressing the challenges of dataset availability and ethical considerations, our work
benefits from an established dataset, allowing us to sidestep broader ethical debates and focus
on the optimization of classifiers. On the other hand, Silva et al. [48] and Yan et al. [49] delve
into these challenges, highlighting the ethical complexities inherent in AI for mental health, a
perspective that enriches the dialogue within the field.

Furthermore, Aleem et al. [53] and Ndaba et al. [54] discuss class imbalance and feature
engineering, proposing solutions like under-sampling techniques and regression modeling.
While their contributions to the field are significant, our research primarily centers on the
efficacy of various ML classifiers, showcasing the strengths of Random Forest and XGBoost.

Mao et al. [52] provides a systematic review of automated clinical depression diagnosis,
encompassing a broad range of studies and datasets. In contrast, our work offers a focused
comparison of classifiers on a singular dataset, providing a detailed lens on classifier perfor-
mance in PTSD-related depression detection.

Lastly, our work does not cover the advances presented by Nouman2022’s exploration of
contactless sensing technologies [47], nor does it delve into the deep learning for psychiatric
applications as investigated by Squires et al. [43]. These studies present expanded views and
forward-thinking perspectives on mental health monitoring and data analysis tools that differ
from the direct application of specific classifiers evaluated in our work.
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In this way, the most closely related works to our paper can be found among the articles
utilizing advanced machine learning techniques and the DAIC-WOZ database for mental
health diagnostics. Still, the work of Yang et al. [56] employs methodologies akin to ours, such
as Support Vector Machines (SVMs) and Text Convolutional Neural Network (TextCNN)
for text-based emotional analysis, reflecting a similar application of sophisticated ML classi-
fiers within the NLP framework. This parallel approach offers a complementary viewpoint to
our work, enhancing the understanding of depression detection through linguistic cues and
semantic analysis. The insights from [56], particularly the application of SVM and TextCNN,
are invaluable for refining current practices and bolstering the predictive power of ML models
in the domain of mental health, drawing a more comprehensive map of the current landscape
and future directions in depression detection using machine learning and natural language
processing.

3 Experiment design

The objective of this case study is to build a diagnostic model for depression disorders based
on different supervised ML models and NLP techniques. We explored multiple model tun-
ing configurations, feature sets, and data preprocessing methodologies across all the models
incorporated in our analysis.

As aresult, the design of this case study was conceived to identify the optimal model, the
most suitable parameters, and any combination of factors that could provide the best results
in terms of accuracy subject to achieving the highest possible F1-Score given the data imbal-
ance. We also established a baseline approach to check the efficiency of the models and exam-
ine the insights of our case study based on our results.

Fig 1 showcases a comprehensive diagrammatic representation of the overall workflow
we adopted to develop this experiment. This workflow is inspired by the one proposed by
Amershi et al. [57]. Within this workflow, we delineated the steps that influenced the model
selection. For instance, during the training phase, we explored two distinct preprocessing
techniques, multiple feature combinations, varied parameters, and different selected esti-
mators [58] until we surpassed the baseline’s performance. Subsequently, during the model
evaluation phase, we assessed the final selected model using the safeguard dataset, which was
previously separated during the data splitting phase.

As shown in the Fig 1, the final model selection is based on the chosen algorithm, a spe-
cific parameter configuration, and a set of features. Any changes in the algorithm, parameter
tuning, or feature sets are regarded as distinct models (classifiers), each with its own results.

The next subsections describe the implementation details of each stage, tailored for this
specific case study.

3.1 Data collection: Dataset

We based our research on the Distress Analysis Interview Corpus - Wizard-of-Oz (DAIC-
WO?Z), a dataset designed to support the diagnosis of mental disorders such as depression,
anxiety, and post-traumatic stress disorder. DAIC is a database that is part of a larger corpus
[59]. The DAIC-WOQOZ database is publicly available to the research community upon request
at https://dcapswoz.ict.usc.edu/.

We have submitted a request and the data released refers only to the depressed patients’
database. However, due to ethical and legal restrictions associated with the dataset, we do
not have permission to share the data directly. Researchers interested in replicating our study
can obtain access to the DAIC-WOZ dataset by following the official request process outlined
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Fig 1. Diagrammatic representation of the overall workflow of our experiment to select the optimum model.
The red arrow illustrates that model training may loop back to estimator selection [58], pre-processing, feature
engineering, and parameter setting.

https://doi.org/10.1371/journal.pone.0322299.g001

by its custodians. This ensures compliance with data privacy regulations while maintaining
scientific transparency.

This database contains clinical interviews conducted by humans, human-controlled agents,
and autonomous agents. The computer agent is an animated virtual interviewer robot called
Ellie that identifies mental illness indicators. Data includes 189 sessions of interviews which
correspond to questionnaire responses and audio and video recordings. Each interview is
identified by a session number and has a correspondent folder of files which includes files
related to video features, audio, transcript, and audio features. This dataset contains train-
ing, development, and test subsets. Interviewees are both distressed and non-distressed
individuals.

Specifically, the PHQ8_Score file includes the following fields:

o The identification of the participant associated with the text record (Participant_ID);

A binary item (PHQ8_Binary) that indicates whether the participant has depression or not

(0 is depression, and 1 is no depression);

o A score that indicates how severe is the depression (PHQ8_Score) (PHQ8_Score > 10 corre-
sponds to PHQ8_Binary=1); and

o The gender of the participant, which was not used in the experiment (Gender).

As an illustration, Table 2 shows some of the data rows (from [59]).

We used the text files related to the transcript of the interviews. The Patient Health Ques-
tionnaire depression scale (PHQ-8) defines the depression diagnostic and severity measure.
and the PHQ-8 file which described the score of each patient according to the depression
scale described in [60].
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3.2 Baseline investigation

Before determining what techniques will be used in our case study we established a base-
line approach. Because our classifier will choose among depressed and not depressed states
(0 or 1), our approach consists in setting the same state (e.g. depressed, that is 0) to each
observation of our training set and then checking the error rate in the predictions of our test-
ing set. The purpose is to compare the accuracy rate of our chosen models not only amongst
themselves but also with the baseline approach to gauge the model’s efficacy.

3.3 Data splitting: Training and testing set

For this study, we will use approximately 80% of our data set as a training set (150 interview
transcripts) and the remaining approximately 20% (38 interview transcripts) as our testing set.

Because three meetings were removed from the data set due to structural problems, we
ended up with 148 interviews in our training set and 37 in our testing set.

3.4 Estimator selection

As outlined in [61], certain heuristics enable the pre-selection of machine learning estima-
tors [58] that are best suited for a particular dataset or problem. By doing so, during the pur-
suit of the optimal model, it is possible to narrow down a group of most compatible estima-
tors, thereby reducing our search options. Given the characteristics of the chosen problem and
dataset (including its labeled nature, number of labels, size, number of features, and applica-
tion output), and the algorithms that we identified in the related work section, our exploration
was confined to three machine-learning techniques. They are:

o Random Forest Classifier (RF): an algorithm that builds multiple decision trees and makes a
final prediction based on the majority outcome of each decision tree.

o XGBoost (XGB): an algorithm that sequentially builds decision trees that recurrently
diminish the error of the previous prediction by applying gradient descent on a loss func-
tion when adding new trees.

o Support Vector Machine (SVM): an algorithm that maps the data points to another space
(using kernel algorithms) so that it is possible to separate (and therefore classify) the data
points into different categories.

3.5 Pre-processing: Data cleaning

Different attempts were made to clean the data. Initially, a custom set of stopwords was
removed from the conversation, but the end result of the classification came out worse in this
scenario as opposed to when no words were extracted. Moreover, the conversations had basic
punctuation removed and the letters converted to lowercase. Afterward, the artificial conver-
sation markers in the dataset (which did not represent words actually spoken in the dialogue,
but rather indicated what kind of comment was being made) were removed to keep the text
as close as possible to real conversations. Finally, the datasets that only contained interviewee
speeches (and no comments or questions from the bot) were not used, given that most of the
features in the model relied on questions asked by the bot.

3.6 Feature engineering: Features selection

Although the objective is to test a different set of features in our chosen NLP algorithm, it is
important to mention that some of our features, such as the Sentiment Analysis calculation
and the average of unique words or stop words, were also derived from other NLP techniques.
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Table 1. Explanation of features.

Feature Description
Answers sentiments as The dataset contains a transcription of a conversation between a bot and a person,
Features during which the bot asks its counterpart several questions. The sentiment of the

answers to the most relevant questions are used as features in our model.

Sentiment of an Interview (avg |Sentiment of all the comments made by the person throughout the conversation with
sentiment) the bot.

Average Response Time (avg |Average time for the interviewee to answer a question from the bot.

response time)

Speech speed Calculated by measuring the number of words for each comment of the interviewee,
measuring the time it took to make that comment, dividing those two values, and
taking the average of that result for all comments made by the interviewee throughout
the conversation.

Average Unique Words Calculated by measuring the number of unique (without counting repetition) words

Frequency (Avg unique spoken in a comment, then measuring the number of words in that comment, divid-

frequency) ing the first by the second, and taking the average of that calculation for all comments
made by the interviewee throughout the conversation.

Average Stop Words Calculated similarly to the previous metric (avg unique frequency), but replacing

Frequency (Avg sw frequency) |unique words with stop words, which are words without expressive content (e.g., “uh’,
“um”, “mm”).

Average Number of Characters |Calculated by measuring the number of characters of each comment, dividing that
(Avg characters) value by the number of words in that comment, and then averaging that calculation
through all comments made by the interviewee in the meeting.

Average Noun, Verbs, Adjec- |Calculated similarly to the stop word frequency (Avg sw frequency), but instead
tives, Adverbs (Avg nouns, avg |of stop words, it calculates the average frequency of nouns, verbs, adjectives and
verbs, adj freq, avg adv) adverbs, respectively.

Average of First-Person Similar to stop word frequency (Avg sw frequency), but instead of stop words, it
Related Words (fp avg) measures the frequency of first-person-related words (e.g. “T’, “we”, “us”).

https://doi.org/10.1371/journal.pone.0322299.t001

Table 2. PHQS8_Score File.

Participant_ID PHQS8_Binary PHQ8_Score Gender
302 0 4 1
335 1 12 0
367 1 19 1
377 1 16 0

https://doi.org/10.1371/journal.pone.0322299.t002

We have built a total of 30 features (since the first feature described contains 19 separated
features) which were combined in different ways and applied across the 3 NLP classifiers to
find the best combination in terms of model accuracy. The list of the features considered on
this study and its explanation can be found in Table 1.

Finally, it is also worth mentioning that the best results from our case study were obtained
after testing several combinations of features from this list (and even features that were orig-
inally considered but then discarded because of poor results) including the sentiment of all
the interviews and the sentiment of the answers from some selected questions that appeared
in most of the transcripts. Additional information about the features selection can be found in
the Results section.

3.7 Parameters setting

Random forest classifier. This classifier has 18 parameters, out of which max depth and ran-
dom state were set to non-default values. Random state is used to promote the reproducibil-
ity of the model, whereas max depth influences overfitting tendencies, which is why it was
included in the training process.
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XGBoost. This classifier has 33 parameters, out of which n estimators, eval metric, learning
rate, label encoder, max depth, and random state were set to non-default values. Random state
is used to promote the reproducibility of the model, whereas the max depth influences the
overfitting tendency and is thus included in the training process. 27 of the parameters for this
model are optional.

Support vector machine. This classifier has 15 parameters, out of which the kernel, gamma,
and random state were set to non-default values. Random state is used to promote the repro-
ducibility of the model, whereas the max depth influences overfitting tendency and is thus
included in the training process.

3.8 Computational packages selection

We have used the Scikit-Learn library for implementing the Random Forest Classifier, the
XGBoost, and the SVM algorithms. Scikit-Learn is one of the most versatile and reliable
library for machine learning in Python, as it features several useful tools for machine learn-
ing and statistical modeling, such as classification, regression, clustering, and dimensionality
reduction via a consistency interface in Python.

Some of the features used in this study were calculated by using the following packages:

« For Sentiment Analysis calculation (of a sentence or an interview): TextBlob library, which
is a Python (2 and 3) library for processing textual data. It provides a simple API for div-
ing into common natural language processing (NLP) tasks such as part-of-speech tagging,
noun phrase extraction, sentiment analysis, classification, translation, and more.

o For Features Extraction (Average Unique Words Frequency, Average Stop Words Fre-
quency): NLTK (Natural Language Processing Toolkit), which is a leading platform for
building Python programs that work with human language data. It provides easy-to-use
interfaces for over 50 corpus and lexical resources such as WordNet, along with a suite of
text processing libraries for classification, tokenization, stemming, tagging, parsing, seman-
tic reasoning and wrappers for industrial-strength NLP libraries.

4 Results

As mentioned in the Experiment Design section, for this case study we've tested some of the
most adopted machine learning models in the scientific literature with different sets of fea-
tures and sets of parameters to establish how reliable are these models in the detection of
depression disorders. In this sense we have adopted 3 NLP Classifiers with different set of fea-
tures that were based on sentiment analysis and other natural language processing techniques.
Our results suggest that Random Forest and XGBoost are the best classifiers for the task
since they have presented similar accuracy levels, exceeding 80%. Although the SVM algo-
rithm have returned poor results in comparison with the other two models, we were able to
replicate the results found in the comparable scientific literature. All the tested models results
in accuracy levels beyond our baseline approach. More details about the result for each model
such as features selection and parameters tuning can be found in the following sub-sections.

4.1 Baseline approach results

After arbitrarily setting our data set with a prediction value of 1, we verified the error rate (in
this case the accuracy level) of approximately 65%.
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Table 3. Random forest model details.

Aspect Description

Features Initial group of 17, 5 chosen for each classification
Parameters Fixed

Number of Models 6,188

Best Accuracy 83.8%

https://doi.org/10.1371/journal.pone.0322299.t003

Table 4. Confusion matrix.

Class Precision Recall F1-Score Support
0 0.87 0.93 0.90 29

1 0.71 0.56 0.63 9
Accuracy 0.84 38
Macro Avg 0.79 0.74 0.76 38
Weighted Avg 0.83 0.84 0.83 38

https://doi.org/10.1371/journal.pone.0322299.t004

Table 5. Random forest - top model features with best results.

Rank Features Accuracy

1 speech_speed, avg_characters, avg_nouns, what’s your dream job, do you consider 83.8%
yourself an introvert

2 speech_speed, avg_characters, avg_nouns, what's your dream job, how are you at 83.8%
controlling your temper

3 speech_speed, avg_characters, avg_nouns, what’s your dream job, when was the last |83.8%
time you argued with someone and what was it about

4 speech_speed, avg_characters, avg_nouns, do you consider yourself an introvert, how |83.8%
are you at controlling your temper

5 speech_speed, avg_characters, avg_nouns, what's your dream job, how are you at 83.8%
controlling your temper

https://doi.org/10.1371/journal.pone.0322299.t005

4.2 Random forest model results

In our model classification process, we started with an initial group of 17 features. For each
classification, we selected 5 distinct features from this group. With parameters kept fixed for
the classifier, this approach resulted in the creation of 6,188 unique models. From these, the
top-performing models achieved a notable accuracy of approximately 83.8%. A comprehen-
sive summary of these findings can be found in Tables 3 and 4.

The confusion matrix presented in Table 3 refers to the parameter settings shown in
Table 2 and uses the feature set [speech speed, avg characters, avg nouns, how are you at con-
trolling your temper, when was the last time you argued with someone]. However, several
combinations of features yielded similar accuracy results (also satisfying the F1-Score values)
as shown in Table 5

4.3 XGBoost model results

During the model training process, we experimented with varying numbers of estimators.
Specifically, the “n estimators” took on values of 100, 300, and 500. By selecting 4 out of the

17 available features, we generated 2,380 unique feature sets. These were then paired with each
of the 3 estimator configurations, resulting in a total of 7,140 classifiers for our model’s train-
ing. Notably, the peak accuracy achieved remained consistent at around 83.8%. For a com-
prehensive breakdown of the features and parameters yielding the best outcomes, refer to
Tables 6 and 7.
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Table 6. XGBoost model details.

Aspect Description

Features Initial group of 17, 4 chosen for each classification
Parameters Different “n estimators”: 100, 300, 500

Number of Models 7,140

Best Accuracy 81.8%

https://doi.org/10.1371/journal.pone.0322299.t006

>

Table 7. Confusion matrix for features: [‘speech_speed;, ‘avg_characters) ‘adj_freq, how are you at controlling
your temper’] with n_estimators = 300.

Class Precision Recall F1-Score Support
0 0.87 0.90 0.88 29

1 0.62 0.56 0.59 9
Accuracy 0.82 38
Macro Avg 0.75 0.73 0.73 38
Weighted Avg 0.81 0.82 0.81 38

https://doi.org/10.1371/journal.pone.0322299.t007

Table 8. XGBoost - top model features and parameters with best results for XGBoost.

Rank Features Parameters Accuracy
1 speech speed, avg characters, adj freq, how are |use_label_encoder: False, eval_metric: 81.8%
you at controlling your temper auc, learning_rate: 0.01, max_depth: 12,
n_estimators: 300
2 speech speed, avg characters, adj freq, how are |use_label_encoder: False, eval_metric: 81.8%
you at controlling your temper auc, learning_rate: 0.01, max_depth: 12,
n_estimators: 300
3 avg response time, speech speed, avg nouns, |use_label_encoder: False, eval_metric: 81.8%
how are you at controlling your temper auc, learning_rate: 0.01, max_depth: 12,
n_estimators: 100
4 speech speed, avg characters, avg nouns, adj  |use_label_encoder: False, eval_metric: 81.8%
freq auc, learning_rate: 0.01, max_depth: 12,

n_estimators: 300

https://doi.org/10.1371/journal.pone.0322299.t008

The confusion matrix presented in Table 7 used a subset of the parameter settings shown
in Table 6 and with the the feature set [speech speed, avg characters, adj freq,how are you at
controlling your temper] and n_estimators = 300. However, several combinations of features
yielded similar accuracy results (also satisfying the F1-Score values) as shown in Table 8.

4.4 SVM model results

As in the previous classification models, In our model classification process we worked with
an initial group encompassing 17 features. From these, we handpicked 4 features, which cul-
minated in 2,380 unique feature sets. For our SVM model, we focused on optimizing two
parameters: Kernel and Gamma. Our testing involved 4 variations of Gamma (1, 0.1, 0.01,
0.001) paired with 2 Kernel options (rbf” and ’linear’). As a result of this comprehensive
approach, we devised 76,160 SVM models.

By synergizing every feature set with the Gamma and Kernel variations, the total models
per group remained consistent. Among all models tested, the pinnacle of accuracy achieved
was approximately 64.8%. The detailed configurations of the model that delivered the best
performance can be found in Tables 9 and 10.

Additionally,similar to the previous models, several combinations of features produced
comparable accuracy and F1-score results, as illustrated in Table 11.
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Table 9. SVM model details.

Aspect Description

Features Initial group of 17, 4 chosen for each classification

Parameters Gamma: {1, 0.1, 0.01, 0.001}, C: {1, 10, 100, 1000}, Kernell:
{’ref’, ’linear’}

Number of Models 76,160

Best Accuracy 68%

https://doi.org/10.1371/journal.pone.0322299.t009

Table 10. Confusion Matrix for Features: [’avg_response_time), ’speech_speed; ’avg_characters), ’adj_freq’] with
parameters: kernel = rbf, gamma = 0.1, C = 10.

Class Precision Recall F1-Score Support
0 0.87 0.69 0.77 29

1 0.40 0.67 0.50 9
Accuracy 0.68 38
Macro Avg 0.63 0.68 0.63 38
Weighted Avg 0.76 0.68 0.71 38
https://doi.org/10.1371/journal.pone.0322299.t1010

Table 11. SVM - Example of top models with 4 features and best F1-score.

Features Accuracy (%) F1-Score (%)
avg_response_time, speech_speed, avg_characters, adj_freq 68.42 50.00
avg_response_time, speech_speed, avg_characters, what’s your dream job 68.42 50.00
avg_response_time, speech_speed, avg_characters, do you consider yourself (68.42 50.00
an introvert

avg_response_time, speech_speed, avg_characters, what do you do to relax ~ {68.42 50.00
avg_response_time, speech_speed, avg_characters, how are you at controlling (68.42 50.00
your temper

avg_response_time, speech_speed, avg_characters, when was the last time 68.42 50.00
you argued with someone and what was it about

avg_response_time, speech_speed, avg_characters, how close are you to your |68.42 50.00

family

https://doi.org/10.1371/journal.pone.0322299.1011

Table 12. Confusion Matrix for Features: [‘avg_nouns), ‘do you consider yourself an introvert,, ‘is there anything
you regret), ‘what’s one of your most memorable experiences, ‘when was the last time you felt really happy’] with
parameters: kernel = rbf, gamma = 0.1, C = 10.

Class Precision Recall F1-Score Support
0 0.76 1.00 0.87 29

1 0.00 0.00 0.00 9
Accuracy 0.76 38
Macro Avg 0.38 0.50 0.43 38
Weighted Avg 0.58 0.76 0.66 38

https://doi.org/10.1371/journal.pone.0322299.t1012

Finally, although the accuracy levels did not surpass the approximately 70% reported in
[56], it is important to note that we identified combinations with significantly higher accu-
racy, as shown in Table 12. However, since these results did not meet our F1 score criteria,

they were excluded from this comparison.

5 Discussion

5.1 General insights from the case study

Our results are not only better than the baseline approach in terms of accuracy but also out-
performed the results obtained in the scientific literature. As a benchmark for this study we
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used [56] which is an article that tested different NLP techniques for Depression detection
based on the same data set used in our study.

More specifically, the Random Forest Model and XGBoost Model results represented a sig-
nificant improvement in terms of accuracy (approximately 84%) in comparison with the mod-
els used by the authors in [56] (SVM and CNN with approximately 70% and 72% of accuracy,

respectively).
Regarding the data cleaning e preprocessing in our case study we made text lower case
and removed basic punctuation (e.g., 5, 7, “[; “]”), and also all the text content that was not

actually present in the conversation, but rather indicated what kind of comment was being
made by the bot. Moreover, 3 meetings were removed from the dataset due to structural prob-
lems (did not have comments —any or most — from the bot). Additionally, because the senti-
ment of the relevant questions had a central role among our selected features, we have realized
that there was no group of questions (or single question) included in every single transcript
(i.e., interview). Thus, we have used the questions that could be found in most of the inter-
views. In this sense, questions that were not in all meetings were assumed to yield an answer
of sentiment 0 for each of the meetings in which they did not appear.

5.2 Insights from the selection of the number of features in models

Our decision to seek an optimal subset of features was driven by the realization that simply
increasing the number of features does not necessarily lead to improved model performance.
In some of the worst scenarios observed, using all available features led to a significant drop in
performance. For instance, using all 17 features, we achieved an accuracy of 79%, in contrast
to the 84% obtained with a subset of just 5 features in the Random Forest Classifier. Similarly,
with the XGBoost model, the accuracy was 79% using all 17 features, while a subset of 4 fea-
tures resulted in 82% accuracy. In the case of the SVM model, the use of a subset of 4 features
yielded an accuracy of 68%, compared to 66% when using all features. These results suggest
that some features may actually degrade the accuracy and F1-score of the models.

5.3 Insights from the sentiment features in top-performing models

When examining the top-performing models, RF and XGB, we observed a recurring promi-
nence of features such as Average Response Time, Speech Speed, and Average Number of
Characters. Intriguingly, within each group of four features, only one was tied to a sentiment
score. However, this score wasn't reflective of the overall meeting sentiment but was spe-
cific to an answer to a certain question. Notably, the particular questions associated with this
sentiment score varied across the best-performing models.

This leads us to several insights regarding the sentiment feature:

o The sentiment feature, linked to the response of a specific question, consistently occupies
just one slot in every four-feature group.

o The exact question associated with the sentiment feature is not uniform across the top
models.

From this, we can deduce that the sentiment score, specific to an answer, may not consis-
tently influence the model’s outcomes. This inconsistency hints that the sentiment attached
to a particular question’s response might not consistently sway the model’s effectiveness. Yet,
the recurring appearance of some form of sentiment feature in top models indicates that sen-
timent does play a part, though its influence may not be uniform. This irregularity could point
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towards potential inaccuracies in how sentiment is gauged. If a sentiment score tied to a spe-
cific question was a pivotal determinant, we would expect its consistent presence across all
top models. To ascertain the relevance of the sentiment feature to the classifier’s results, a
comprehensive feature importance analysis would be essential.

5.4 Insights from the interplay between dataset bias and imbalance in
PTSD-focused studies

In our study centered on patients with PTSD, there’s an inherent assumption that the dataset
may lean towards a positive depression diagnosis, owing to the known comorbidity between
PTSD and depression. However, it’s noteworthy that our dataset was imbalanced, with only
56 of the 188 interviews being from individuals diagnosed with depression. This poses an
intriguing question: might the imbalanced nature of the dataset counterbalance or mitigate
the anticipated bias introduced by focusing on PTSD? Therefore, unlike [56], we relied on
accuracy as a key evaluation metric for comparison, but only from the combinations with the
highest F1-Score.

Still, a deeper exploration and analysis are needed to fully understand the interplay
between dataset bias and imbalance in this context.

5.5 Insights related to a possible evolution from a case study to a
depression detection system

Our study does not address critical issues such as the reliability of models in terms of accu-
racy, transparency, interpretability, and ethical impact. In a clinical setting, it is essential not
only that models are accurate but also that healthcare professionals can understand and trust
the decisions made by these models [62]. Similarly, as these models evolve into a comprehen-
sive Depression Detection System, a thorough analysis of data protection measures against
unauthorized access becomes crucial.

6 Limitations and threats to validity

The primary limitations of our study arise from generalization challenges associated with the
inherent characteristics of our dataset. The dataset used in this study suffers from an unbal-
anced class distribution. Additionally, it is biased due to its origin from a psychiatric popu-
lation (i.e., participants with PTSD), which introduces concerns related to fairness, particu-
larly since the dataset includes participants of both genders, yet these gender differences were
not explicitly addressed. Despite these limitations, the results are promising when evaluating
various alternatives, including models, data cleaning and preprocessing techniques, selected
features, and parameters. Finally, these limitations are addressed in the Future Work section.

7 Conclusions and future work
7.1 Conclusions

This initial study focuses on developing a Depression Detection Model using Sentiment Anal-
ysis and other NLP techniques specifically for patients diagnosed with PTSD. In our research,
we compared various classifiers, feature sets, and other factors to determine the most effective
approach.

We have trained our models with a dataset built from the transcripts from 188 sessions of
clinical interviews which correspond to questionnaire responses and audio and video record-
ings. The interviews were conducted by autonomous agents (bot). Our approach enabled us to
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achieve better results in terms of accuracy then we had in the comparable literature based on
the same data set. The main difference between our case study and the comparable literature
relied precisely on the model choices, features selection and data cleaning and processing of

our data set.

After determining the best techniques, models and features, we tested thousands (some-
times tens of thousands) of combinations of features and parameters to achieve optimal
results for each model and technique. This exhaustive analysis not only enhanced the accuracy
and reliability of our chosen models but also provided a deeper understanding of the intricate
relationships between various features and parameters. This insight paves the way for more
targeted and efficient implementations in subsequent studies.

In summary, we identified compelling evidence indicating numerous opportunities for
advancement in the future development of a depression diagnostic system utilizing NLP
techniques. These potential improvements are multifaceted. They encompass the explo-
ration of a wider range of model choices, rigorous data cleaning and pre-rocessing method-
ologies, and, most prominently, refined strategies in feature selection and intricate feature
engineering.

7.2 Future work

The findings of our study chart the way for several avenues of future research, primarily cen-
tered around expanding our methodology, refining feature selection, enhancing data prepro-
cessing, and bolstering model generalization.

In terms of model selection, our comparative analysis could be broadened to include other
ML classifiers such as Decision Trees, Convolutional Neural Networks (CNN), and BERT
(Bidirectional Encoder Representations from Transformers). Given the state-of-the-art per-
formance of BERT and its derivatives (e.g., ROBERTa, DistilBERT) across various NLP tasks,
we propose exploring CNN and BERT-based models for feature generation, particularly by
utilizing vector space representations for textual data. Further optimization studies for kernel
algorithms might enhance the performance of the SVM model. Moreover, adopting Trans-
former models like BERT and leveraging Large Language Models (LLM) can refine senti-
ment score calculations, enhancing our classifiers’ feature selection. This progression should
culminate in a detailed feature importance analysis.

In terms of feature selection enhancement, lexicon-based approaches using dictionaries
specific to medical conditions can be invaluable. Generating features such as word frequency,
sentiment, and more can be beneficial. Additionally, integrating TF-IDF for pinpointing sig-
nificant transcript words and incorporating bigrams can enrich contextual understanding and
sentiment score assignment. An intriguing perspective we encountered centers on assigning
variable weights to negative words based on context, achieved through combining lexicon
dictionaries and context-weighted sentiment analysis.

Additionally, to enhance feature selection in datasets derived from DAIC-WOZ or similar
datasets, specific techniques can be adapted as demonstrated in various articles. For instance,
in [33], the Ant-Lion Optimization (ALO) algorithm could be applied to identify relevant
NLP-based features like speech speed, sentiment, and average noun usage, which would allow
for the reduction of redundant or less significant features, improving classifier accuracy. Sim-
ilarly, in [32], the hybrid approach combining Emperor Penguin Optimization (EPO) and
Bacterial Foraging Optimization (BFO) can be tailored to optimize feature selection from tex-
tual and acoustic data, enhancing the early detection of conditions such as depression. In [34]
the authors offer an effective method that could be leveraged to refine the selection of NLP
features, ensuring a more robust model generalization. Finally, [31] provides insights into
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using a combination of feature selection methods that could be adapted to optimize sentiment
analysis features, leading to better diagnostic support in mental health assessments.

Exploring new features such as the frequency of the word “I”, use of possessive pronouns,
past tense verb occurrences, and readability scores can add depth to our analysis. We also
advocate for refined preprocessing methods, such as leveraging the original NLTK set for stop
word removal and incorporating lemmatization, a staple in NLP and machine learning.

Addressing dataset bias and imbalance remains pivotal. Potential research angles include
the use of transfer learning, which presents advantages in scenarios with limited labeled data,
reducing the risk of overfitting and enhancing performance on target tasks. Also, we can
assess if the dataset imbalance can mitigate biases introduced by emphasizing PTSD suffer-
ers, given their established association with depression. It is also relevant to implement rebal-
ancing techniques that can enhance model generalization, and explore larger, more balanced
datasets to prevent overfitting and ensure robust model generalization. For instance, down-
sampling could be employed to mitigate the unbalanced class distribution by reducing the
overrepresentation of the majority class, thereby helping the model to treat both classes with
equal importance and improve its generalization to new data. Additionally, stratification
could be used to address fairness concerns by ensuring that the gender distribution (and other
relevant factors) is proportionally represented in all subsets of the data, including training,
validation, and test sets. This would help to prevent the model from developing biases towards
a particular gender and ensure more equitable performance across different groups.

In future work, we plan to refine our model evaluation process by introducing a develop-
ment set specifically for classifier selection. This approach will allow us to optimize models
independently from the test set, ensuring a more robust and unbiased assessment of their
performance. By evaluating the selected classifiers on a separate test set, we aim to provide a
clearer and more accurate representation of the models” generalization capabilities.

Finally, after exploring all potential expansions of this case study, a logical progression
would be the development of a comprehensive Depression Detection System. In this sce-
nario, it would be crucial to evaluate the reliability of the models and ensure the privacy of
sensitive data. In this context, the g-ROF2TL-FWZIC method should be considered to assess
various aspects of the model, such as accuracy, transparency, interpretability, and ethical
impact, by assigning appropriate weights to these criteria according to their importance [62].
Additionally, it is essential to explore medical information security techniques.
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