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Abstract: - The research compares the performance of XGBoost with traditional logistic regression and
decision tree approaches for identifying and predicting depression. It utilizes the Behavioral Risk Factor
Surveillance System, which includes questions about mental and physical health, as well as some
sociodemographic variables. XGBoost achieved 75.82% accuracy with an F1 score of 0.5385 and an AUC-
ROC of 0.7649, demonstrating superior performance in the depression classification task, particularly with
complex and dissociated data structures. Furthermore, the research highlights the importance of timely
depression recognition for effective treatment and argues that XGBoost has the potential to improve current
diagnostic practices by reducing current time and costs. The research also addresses the necessary future
provisions for this approach and its ethical implications in healthcare.
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1 Introduction Association that integrates DSM-IV guidelines
Depression is considered a common mental disorder within a self-report format to systematically identify
that affects people around the globe. According to and diagnose depression. The disorder is
the World Health Organization (WHO), 322 million characterized by lengthy episodes of withdrawal and
people have depression, a figure that increases each sorrow, which impede the ability to carry out daily
year, [1], [2]. tasks and maintain social contacts, [3], [4], [5].

The Patient Health Questionnaire (PHQ) is a ~ Even the non-specialized physicians  find
tool developed by the American Psychological identifying depression is a challenge. The PHQ-9,
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which is one of the PHQ instruments, has been
recognized as one of the key instruments for
depression screening, particularly due to its
specificity, sensitivity, and accuracy, [6], [7], [8].
Most traditional evaluations of the symptoms rely
on recollections of the time and tend to miss the
rapid changes in behavior and mood that are present
right before a depressive episode, [6].

Statistical methods, as well as frameworks in
machine learning, have recently expanded the
research frontier on the recognition of depression.
Specifically, the use of multimodal frameworks that
integrate audio, written, and affective components
of voice and text, as well as the computation of
emotions in text, shows promise for automated
depression detection. One of the works that
successfully combined a bidirectional long-term
memory model with a closed recurrent unit model
was, [7]. The use of a specific method for text
analysis described in [8] was able to achieve an F1
score of 0.83, which demonstrates the positive
impact of machine learning in the area described in
this paper.

The opportunity to observe and record
symptoms continuously and in real time provides an
opportunity to manage and prevent relapses in major
depressive disorder, [9]. Greater recurrences in
patients with major depressive disorder are largely
driven by the absence of real-time capture of the
depressive symptomatic state [9], as automated data
collection enables detection of mood shifts and
depression onset signs much earlier, [10].

Sophisticated predictive models that take into
account the element of time should be integrated so
that basic information is provided to the healthcare
professionals. Despite these advancements, issues
associated with the interpretability of the learning
models and data biases arise, and these are
considered critical hurdles that need to be addressed
to enhance the relevance and reliability of the
methods in clinical settings, [11], [12].

Between the two, machine learning methods
and ensemble learning strategies are highly regarded
for their ability to handle intricate data sets and
optimize the outcomes of classification. The use of
Random Forest and XGBoost models has also been
mentioned in the literature as superior to previous
techniques in extracting depression-related features,
[13], [14].

Furthermore, the incorporation of machine
learning technologies, specialized tools, and
software allows for the fusion of various data types,
such as demographics, biomarkers, and clinical data,
thereby improving the accuracy of diagnostic tools.
These improvements become invaluable when the
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primary concern is the early identification of
depression for rapid and optimal interventions. It
has been claimed that the Depression Stacking
Generalization (DESGM) Ensemble model, which
combines several machine learning techniques,
produces significantly superior results compared to
those generated by each of the independent models,
[15], [16].

Another area of feature selection implemented
in DESGM is exploring how Random Forest
parameters can identify psychological and
demographic  characteristics  associated  with
depression, which in turn helps identify individuals
with potential depression in primary care. The
numerous risk factors and diverse assessments
required for depression make these algorithms
suitable for its diagnosis, [17], [18].

Recent studies focusing on predicting mental
health problems emphasize the incorporation of
stacking technigues. These studies suggest that
using stacked models for depression prediction
greatly improves accuracy due to the collaborative
effect of different algorithms, [19], [20].
Furthermore, Random Forest models identify
critical factors such as educational level and social
support that are strongly correlated with depression.
These findings support the use of integrated
methodologies within the operational framework of
health systems for the early detection of individuals
who are likely to be underserved.

Thanks to advances in artificial intelligence,
algorithms such as Random Forest and XGBoost
achieve remarkable accuracy in recognizing
depression. Research indicates that these models
achieve an accuracy rate of 84%, which is
considerably higher than older techniques, such as
support vector machines, which operate at lower
levels of precision, [21], [22].

The reliability of depression screening
initiatives is further strengthened by integrating
advanced algorithms with both datasets, as seen in
the DAIC-WOZ dataset, where the BiLSTM units,
recurrent gates, and care coverage model achieved
an F1 score of 0.83, [23], [24]. The confidence in
the aforementioned studies is reflected in the
literature, which reports a sensitivity range of 0.35
to 0.94 and a specificity range of 0.39 to 0.91. This
implies that well-articulated evaluations of model
performance under varied conditions are needed,
[25], [26].

In relation to research on the automation of
depression assessment, the construction of EATD-
Corpus datasets containing audio interviews and
their corresponding written transcripts is particularly
valuable, [27], [28]. This type of research allows
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practitioners to effectively validate and train their
models, thus aiding in the automation of depression
assessment. By incorporating different types of data
to improve overall accuracy, this research increases
the number of methodologies developed for
depression screening.

This research explores a central question: What
strategies enable the rapid and cost-effective
identification of individuals suffering from
depression so they can receive support? To
investigate this topic further, we turned to the
XGBoost tool, a type of Al that analyzes numerous
documents and recognizes correlations linked to
patterns associated with depression. This research
aims to address how this technology overcomes the
limitations of conventional methods that struggle
with the scope of the problem.

To effectively address this issue, it was
necessary to integrate disparate variables related to
mental and physical health, depression, and the
social ~ determinants of health, such as
socioeconomic status, age, gender, and depression
itself. This demonstration clearly demonstrated the
contextual variables that influence the experience of
illness. For a problem as simple as this, it follows
that the more effectively information is captured to
identify individuals with the potential to benefit
from rapid interventions, the more comprehensive
and accurate the data collection process should be.

The crucial nature of this stems from the fact
that depression is not merely an individual problem,
but a global public health issue affecting millions
worldwide. The ability to identify such conditions
early, within a short timeframe, determines whether
an individual has a future full of opportunities or a
life of suffering and relentless isolation. By using
XGBoost, we hope to improve the accuracy of
predictions to facilitate timely and effective
interventions within the therapeutic window. It is
during the most critical periods of their lives that
people need the support we can provide.

2 Materials and Methods

2.1 Data Collection

The 2015 BRFSS database is a rich source of public
health information, tracking a range of health
behaviors, chronic conditions, and health care
access and utilization within the U.S. population,
[5]- The BRFSS is a telephone survey system that
gathers information on health risk behaviors and
health conditions and health services access and
utilization. Along with the vast 2015 BRFSS
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database, the substantial variables integrated within
the database include.

o Health-related physical activities

e Health impact risk behaviors (tobacco, alcohol)

The demographic variables were obtained from
the telephone interviews conducted via mobile and
traditional telephones (landlines). They were
essential to describe the population aged 18 and
over, living outside institutionalized settings, to
conduct public health planning. These filters aid in
health objective setting, health program evaluation,
and health system performance monitoring at the
regional or local levels.

2.2 Data Analysis

This dataset analysis assesses and contrasts various
machine learning approaches on depression risk
prediction using data from the 2014 Behavioral Risk
Factor Surveillance System (BRFSS). Initially, the
data is imported and organized, focusing on the
following variables: mental and physical health,
level of exercise, general health, alcohol
consumption, smoking, income, and marital status.
The main variable depression (ADDEPEV2) is
recoded to indicate whether a person exhibits (1) or
does not exhibit (0) depression symptoms, up to the
point of singular depression detection and, in the
process, ranks the depression-related factors in the
dataset. This recoding offers the dataset a more
appropriate structure for the prediction task.

After this, the following five machine learning
techniques: logistic regression, decision tree,
XGBoost, LightGBM, and neural networks, are
implemented. Each of the models is trained on a
balanced dataset generated using the Synthetic
Minority Oversampling Technigue (SMOTE) owing
to the lower prevalence of depression cases in the
public health records. Evaluating the models is
done based on a set of standard metrics, i.e.,
accuracy, AUC-ROC and F1 Score, classification
reports, and confusion matrices to provide a detailed
understanding of the predictive power of the
models.

The information shown in Figure 1 is crucial
for understanding the depression prediction results.
The bar charts present a simplified comparison of

multiple  models and their  corresponding
performance metrics for effective depression
prediction.

A confusion matrix was constructed for each
model, and each matrix was then illustrated as a heat
map. This allowed for distinguishing patterns
caused by correct and incorrect identifications.
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These tools are vital for stakeholders and the
iterative refinement of the model.

Model Comparison

- ccuracy

XGBoost
Models

Fig. 1: Used Model Comparison
Sources: Created for authors

LightGam

ogistic Regression Decision Tree

This was the first evaluation utilizing multiple
machine learning approaches to analyze the
predictive capabilities of depression based on
behavioral risk factors. The results of this study can
inform the early stages and help develop efficient
public health interventions in targeting high-risk
groups for the potential development of depressive
disorders.

3 Results and Discussion

Table 1 illustrates the XGBoost (Extreme Gradient
Boosting) method’s efficiency in detecting
depression and improving mental health evaluations.
Among decision tree-based supervised learning
methods, this technique has outperformed other

predictive methods in the literature by a
considerable margin.
Table 1. Metrics of the models used
AUC- F1- Accuracy Recall
Model — Accuracy poc seore (/1) | (0/1)
Logistic | 519 |0.7240 |0.5542|0.82 1 0.47 | 085/
Regression 0.68
Decision Tree | 0.7273 |0.7488 [0.5707 [0.81/0.55 067599/
Gradient 089/
Boosting 0.7582 |0.7649 |0.5385|0.79/0.65 | e
(XGBoost) '
. 0.89/
LightGBM | 0.7600 |0.7693 |0.5436 |0.79/0.66 | "
0.75/
Neural network| 0.7171 |[0.7596 [0.5837]0.83/0.53 064

Sources: Created for authors
The confusion matrix illustrated in Figure 2

pertains to one binary classification model
developed with the XGBoost approach. The

E-ISSN: 2224-2902

250

Maria Barrera, Cristian Inca, Zilma Diago,
Evelyn Inca, Nelsén Villarroel,
José Rubén Ledén Pérez, Laura Mufioz, Rolando Sanchéz

confusion matrix indicates that 41,676 ‘No’s and
9,526 ‘Yes’ responses were correctly predicted by
the model. This demonstrates the model's ability to
distinguish between those who have depression and
those who do not.

Confusion Matrix - XGBoost

5051

Actual

11277

9526

' '
No

Predicted

Fig. 2: Correlation between variables
Sources: Created for authors

The results indicate that the model effectively
captures instances classified as "No." However, the
concern regarding the 11,277 false negatives means
that too many true "Yes" instances were also
classified as "No." There are also 5,051 cases where
the model incorrectly recognized "Yes" instances
that were actually "No." These are false positives.

Within the context of this study, compared to
the type of analysis that captures model
performance, the specific context surrounding the
model remains important. In situations where
substantial detection gaps exist, such as in the case
of "Yes" responses from potentially depressed
individuals, the lack of detection becomes a risk that
must be mitigated, especially regarding the risk of
false negatives. Depending on the context and
tolerance, false positives can be equally significant
in the overall outcome, especially where the false
positive result is less substantial.

The overall confusion matrix demonstrates the
model's ability to identify instances classified as
"No" and the need for model tuning to improve the
detection of  "Yes" instances.  Suggested
improvements to the model include hyperparameter
adjustments, the addition of new predictive features,
and new data sampling techniques to achieve better
overall class balance.

A ROC curve, presented in Figure 3, evaluates
the discriminative ability of the XGBoost
classification model.

This illustrates the relationship between the
true positive rate (sensitivity) and the false positive
rate (1 - specificity) for different classification
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thresholds. The model's performance, represented
by the orange curve, is compared to the blue dashed
line, which represents the line of no discrimination
for random classifiers.

Receiver Operating Characteristic {ROC) - XGBoost

1.0 e

0.8 4 -

0.6 PR

0.4 4 -

0.2 4 -

0.0 - ROC curve (AUC = 0.76)

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Fig. 3: XGBoost ROC Curve
Sources: Created for authors

Calculating the area under the curve (AUC)
yields a value of 0.76. This means the model
demonstrates a strong proficiency in differentiating
between positive and negative instances. An AUC
of 0.76 indicates that the model has a 76%
likelihood of accurately determining if a randomly
chosen case is positive or negative.

In relation to the ROC curve, the model
achieves a satisfactory level of true positives while
incurring a minimal level of false positives, which is
a favorable outcome within a wide range of use
cases. The ROC curve, however, indicates that the
true positive rate is not responding to the changes in
the false positive rate. This warns that in some
segments, the model may not be configuring an
optimal equilibrium among sensitivity, specificity,
or both.

This acceptable performance, combined with
the findings in the literature, indicates that adjusting
the hyperparameters, model features, or more
sophisticated ensembles to improve discrimination
power [29], [30] would provide a measurable
increase.

In the study that aimed to improve depression
diagnosis with XGBoost, the various model metrics
(balanced accuracy, accuracy, recall, and F1 score)
exceeded 0.90 in balanced samples (with
oversampling and combined oversampling with
undersampling techniques)2. Therefore, XGBoost
can be said to, with high confidence, diagnose
depression from biomarkers, which is a finding
congruent with the literature [31], [32] and is
potentially a useful adjunct streamlining the current
interviews, which are standardized.

In its multitude of optimization processes,
XGBoost's performance and accuracy can be
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remarkably enhanced, [33] ,[34]. To mention a few,
there is regularization for overfitting, branch
pruning in decision trees, and parallel learning in
blocks of data, not to mention sparse data
techniques, which deal with overfitting and strong
pruning control, [35], [36].

XGBoost's ability to perform well on class-
imbalanced data gives it an advantage over other
algorithms on both classification and regression
problems. This is particularly true for mental health
data. Regarding depression detection, the algorithm
has identified target biomarkers and predicted
depression cases with excellence, partly due to the
under-identified cases of depression within the data,
[37].

For mental health, and especially for depression
prediction, the use of XGBoost will likely foster
further improvements within the field and in clinical
practice. The rapid and reliable classification of
depression using biomarker data will facilitate
XGBoost's assistance in traditional depression
diagnoses, saving time and money currently spent
on structured clinical interviews, [38], [39].

XGBoost's ability to determine the significance
of features and manage unbalanced data sheds light
on the biological aspects of depression. Although
XGBoost has excelled in classification tasks, we
must emphasize the importance of understanding the
consequences of placing any model in clinical use.
This implies further validation that assesses the
ethics of using algorithms for automated mental
health surveillance and care, [40].

To conclude, XGBoost stands out as vital for
improving the speed and efficiency of treatment for
the identification and assessment of depression. In
the field of mental health, the evolution of research
has had positive effects on treatment and the well-
being of patients as a whole, [41]. Understanding
the possible applications in healthcare requires the
analysis of the strengths and weaknesses of each
predictive model. Each model has strengths and
weaknesses that could greatly impact a clinician's
choice. For example, highly predictive models
could, at the same time, be uninterpretable, resulting
in a model that a clinician is unwilling, or unable, to
use, [42].

On the other hand, a model may be
parsimonious, highly interpretable, and clinically
relevant, but at a cost to precision. Hence, the
importance of the application in real-world
healthcare to achieve positive outcomes for patients
and enhanced levels of care is the assessment of
these instances where compromises arise, [43].

More than predictiveness and interpretability,
the implementation of these predictive models in
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practice is crucial. Patient, condition, and resource
levels vary greatly, and all impact the effectiveness
of models in practice, [44].

A model may work well in a research setting,
but it may not work in a different clinical setting
because of different patient characteristics or
different workflows. Therefore, a model should
have contextual validation so that it can be
operationalized and it can be functionally validated
in real-world usage, [45].

On top of that, an adequate description of a
model’s output is important in building trust and
communication between the healthcare
professionals and customers. For example,
clinicians must be able to explain the reasoning
behind a model’s prediction, especially in cases
where the prediction is used to make a critical
clinical decision, [46].

A lack of explanatory power in clinical models
can create complexity and ambiguity, which can
lead to erosion of trust on the part of clinicians and
patients. Weak trust in the model may adversely
affect the therapeutic relationship. Trust model
development is important in order to not just in
clinical judgment but also in the patient's
involvement and compliance in the treatment plan.

4 Conclusions

This investigation has shown that the Gradient
Boosting method (XGBoost) has been powerful in
recognizing and forecasting depression utilizing an
extensive body of statistical usable data, including
mental and physical health as well as demographic
data. XGBoost has been shown to significantly
exceed the performances of legacy models of
Logistic Regression and Decision Trees in capturing
the criteria of accuracy, AUC-ROC, fl-score, and
many other performance measures. For example,
XGBoost has registered an accuracy of 75.82%,
AUC-ROC of 0.7649, and fl-score of 0.5385,
demonstrating the improved reliability and
correctness of the aforementioned measures.

The data derived from the confusion classes
and the ROC curve provide supporting evidence on
the aforementioned claim, having high confidence
in true positives of the predicted depression cases,
and showing that the positive and negative cases of
depression have predictive separability. Clearly,
XGBoost has illustrated that it is a robust tool in
predicting depression and has immense predictive
value to help mitigate the clinical implications of
depression.

Upon closer examination of performance
metrics, it becomes clear that XGBoost not only
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outperforms older, traditional methods in terms of
accuracy but also performs exceptionally well on
unbalanced and challenging datasets. Most notably,
it is adept at identifying and leveraging key
predictive variables and accurately estimating the
number of predicted depressive cases, even in
datasets with extremely low prevalence.

However, XGBoost, as promising as it is in this
study, still requires further validation and
consideration of the ethical implications of using Al
in mental health diagnosis, particularly in clinical
practice. While clinical psychiatry in practice
involves recognizing depression during the "golden
hour" to optimize patient care and well-being, the
overall impact on the healthcare system is
significant.

When integrating machine learning models into
clinical practice, many more hurdles must be
addressed to demonstrate claims of accuracy,
fairness, and transparency. That said, XGBoost has
the potential to revolutionize the diagnosis of
depression, and this study certainly paves the way
for improved early public mental health
interventions.
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