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Abstract: Major depressive disorder (MDD) and generalized anxiety disorder (GAD) exert
significant burdens on individuals and society, underscoring the importance of accurate predictions
using advanced machine learning (ML) algorithms. Leveraging electronic health records (EHRs)
and survey data, these algorithms offer potential in forecasting such mental health conditions. Yet,
the precision of these predictions can be compromised by biases or inaccuracies inherent in
subjective survey responses. In this research, we assess the reliability of four prominent ML
algorithms—Random Forest, XGBoost, Logistic Regression, and Naive Bayesian—in predicting
MDD and GAD. Our dataset encompasses a rich array of information, from biomedical metrics and
demographic details to self-reported survey insights. A focal point of our investigation is the
algorithms' performance under scenarios with varying degrees of subjective response inaccuracies,
such as memory recall biases or subjective interpretation. Our findings reveal that while all
algorithms exhibit commendable accuracy with pristine survey data, their performance diverges
when faced with erroneous or biased responses. Notably, XGBoost remains stable and excels in
identifying true positive cases, even in the presence of such noise. These observations underscore
the criticality of algorithmic resilience in mental health prediction, especially when relying on
subjective data. The robustness of certain algorithms to noisy inputs positions them as more reliable
choices for predicting mental health conditions based on self-reported data, emphasizing the need
for careful algorithm selection in such contexts.

Keywords: mental health; machine learning; stability

Introduction

Major Depressive Disorder (MDD) and Generalized Anxiety Disorder (GAD) are prevalent
psychiatric conditions that significantly impact individuals' mental health and overall well-being [1].
MDD is characterized by persistent feelings of sadness, diminished interest in activities, altered sleep
patterns, appetite disturbances, and, in severe cases, thoughts of self-harm or suicide. In contrast,
GAD is characterized by excessive, uncontrollable worry about various life aspects, resulting in
heightened anxiety, restlessness, muscle tension, and fatigue. If left untreated, these disorders can
severely compromise daily functioning, interpersonal relationships, and overall quality of life [2].

Given the substantial societal and economic burdens posed by MDD and GAD, early detection
and intervention are of paramount importance [3]. With technological advancements and the
proliferation of data, there's a burgeoning interest in harnessing ML to predict and understand these
complex conditions. ML with its capability to decipher intricate patterns within vast datasets, offers
a promising avenue over traditional statistical methods.

In this study, we focus on four prominent ML algorithms, each renowned for its unique
strengths: XGBoost, an optimized gradient boosting library, acclaimed for its efficiency and flexibility

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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[4]; Random Forest, an ensemble method known for its accuracy and ability to manage large, high-
dimensional datasets [5]; Logistic Regression, a statistical method offering a probabilistic framework
apt for binary classification tasks like predicting MDD and GAD [6]; and the Naive Bayesian
classifier, grounded in Bayes' theorem, celebrated for its simplicity and efficiency, especially in high-
dimensional datasets [7].

Our choice of these algorithms is driven by their diverse methodologies, providing a
comprehensive lens to the prediction task. By amalgamating the strengths of these algorithms, we
aim for a holistic approach to predicting MDD and GAD, ensuring robust and comprehensive
findings. This endeavor bridges the gap between cutting-edge ML techniques and the pressing need
for early, precise prediction of psychiatric conditions, heralding timely interventions and enhanced
patient outcomes.

While ML models like Random Forest and XGBoost have demonstrated effectiveness in
predicting depression and anxiety [8-15], their reliability, especially when interpreting subjective
survey responses, remains a concern. Subjective data might be susceptible to biases or errors [16],
and the robustness of these models in such contexts remains underexplored.

Our primary objective is to scrutinize the stability of the four ML algorithms in predicting MDD
and GAD using the comprehensive University of Nice Sophia-Antipolis (UNSA) dataset [17]. We will
assess their performance under various scenarios of subjective response errors, such as memory recall
biases, subjective interpretation, and health related biases. By evaluating their resilience to such noisy
inputs, we aim to discern the more reliable algorithm for mental health prediction tasks involving
subjective data.

The insights gained from this research will illuminate the practicality and robustness of ML
models in mental health prediction. Furthermore, our findings have the potential to catalyze
refinements in early detection and intervention strategies for MDD and GAD, ultimately contributing
to better mental health outcomes for individuals and the broader community.

Methods

Participants

The participants in this cross-sectional study consisted of 4,184 undergraduate students from the
UNSA [17]. Conducted between September 2012 and June 2013, the study included students from
diverse faculties, such as sciences, humanities, medicine, law, sports science, engineering, and
business. To be part of the study, participants underwent a mandatory medical examination at the
university medical service (UMS), with the exception of those summoned for specific reasons like
disability management or psychological support. The de-identified dataset, publicly available on
Dryad, adhered to strict privacy protocols and was considered observational, obviating the need for
written informed consent in accordance with non-interventional clinical research regulations in
France. Of the participants, 57.4% identified as female, while 42.6% identified as male, with their ages
grouped into four categories: less than 18, 18, 19, and 20 or older, representing 5%, 36%, 28%, and
31%, respectively. The prevalence rates of MDD and GAD were found to be 12% and 8%, respectively.

Measures

To streamline data collection, the CALCIUM software program, developed by the University of
Lorraine (France), facilitated easy data entry and provided standardized metrics. The questionnaire
collected demographic details, socioeconomic status, career objectives, and awareness of future
opportunities.

Biometric variables, including heart rate, blood pressure, BMI, and visual acuity, were carefully
measured and recorded following established guidelines. The study also investigated psychiatric
symptoms, focusing on depressive disorder, anxiety disorder, and panic attacks, using a screening
process based on clinical experience and DSM-IV criteria.

Lifestyle factors like alcohol consumption, tobacco use, recreational drug usage, and dietary
habits were analyzed, with a particular focus on unhealthy dietary behaviors such as irregular meal
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patterns and unbalanced diets. The comprehensive data collection aimed to understand the intricate
relationship between these diverse factors and the overall well-being of undergraduate university
students, making it a valuable resource for gaining further insights into their health and mental
wellness.

Psychiatric diagnoses

The investigation into psychiatric diagnoses involved a comprehensive assessment of mental
health conditions among undergraduate university students. To determine the prevalence of these
conditions, a multi-stage process was implemented. Initially, a screening questionnaire was
administered, focusing on four key symptoms of MDD and GAD. For MDD, these symptoms
encompassed feelings of sadness or irritability, anhedonia, changes in activity levels, and fatigue or
loss of energy. Similarly, the screening for GAD emphasized excessive anxiety and worry,
restlessness, fatigue, and irritability. Subsequently, students with positive indications for either MDD
or GAD underwent further evaluation to ascertain a complete diagnosis based on the Diagnostic and
Statistical Manual of Mental Disorders (DSM-1V) criteria. Qualified medical providers conducted
these assessments to ensure accuracy and comprehensiveness. The diagnoses were not viewed in
strict binary terms, but rather as dimensional constructs, considering the likelihood of having the
disorder based on the presence of at least two associated symptoms. Notably, "anhedonia" and
"excessive anxiety and worry" served as core features for depression and anxiety, respectively.
Additionally, for the diagnosis of panic attacks, students who reported experiencing at least one panic
attack in the past year underwent a rigorous evaluation, requiring the presence of four or more
specified symptoms. This thorough examination provided valuable insights into the prevalence and
impact of MDD, GAD, and panic attacks among the undergraduate student population, informing
the development of targeted interventions and support services tailored to their specific needs.

Data with unreliability

Survey-based research is a powerful tool for understanding complex phenomena, but ensuring
the reliability of responses is paramount, especially when predicting significant outcomes like mental
health conditions. In our study, we specifically considered 17 features from the UNSA dataset that
are identified as survey-related and could be susceptible to biases. Various factors, as documented in
the literature, can compromise the reliability of these responses.

Memory Recall Biases: Features that require respondents to recall past behaviors or habits are
particularly susceptible to memory recall biases. These features include "Long commute," "Irregular
rhythm of meals," "Physical activity (3 levels)," "Physical activity (2 levels)," "Cigarette smoker (5
levels)," "Cigarette smoker (3 levels),” "Drinker (3 levels)," and "Drinker (2 levels)." Schwarz et al [18]

emphasized that respondents often rely on their memory to reproduce previous answers, which can
introduce inaccuracies. Borland, Partos, and Cummings [19] further highlighted the susceptibility of
certain events to recall biases based on their salience.

Subjective Interpretation: Some features are open to personal perceptions and subjective
interpretations, which can vary among respondents. These include "Difficulty memorizing lessons,"
"Satisfied with living conditions,” "Financial difficulties," "Unbalanced meals," "Eating junk food,"
"Irregular rhythm or unbalanced meals," and "Parental home." For instance, perceptions of

"satisfying" living conditions can differ widely among individuals. Additionally, familiarity bias,
where respondents gravitate towards familiar options, can influence responses, especially in habitual
behaviors, as documented by research on product identification [20].

Health-Related Biases: Features related to health and lifestyle, such as "Prehypertension or
hypertension,” "Binge drinking," and "Marijuana use," can be influenced by social desirability bias.

This bias arises when participants present answers that are more socially acceptable than their true
behaviors or opinions, especially in health-related contexts [21]. For instance, respondents might
underreport substance use due to societal stigmas.

Given these potential biases, it's essential to approach the interpretation of data from these
features with caution. Enhancing the reliability and validity of survey data requires strategies like
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refining survey instructions, minimizing ambiguous questions, and cross-validating self-reported
data with objective measures. By proactively addressing these biases, we can offer more credible
insights into the intricate relationship between lifestyle factors and mental health outcomes.

Data preprocessing

In this study, missing data were imputed using mean values, and categorical columns were
transformed into numerical data using Label Encoding. To create biased datasets, a selected
probability of 0.2 was applied to randomly choose students for each of the 17 features considered
unreliable. The inputs of the selected students were then converted to exclusive inputs, introducing
bias into the dataset. The creation of the biased dataset aimed to explore the impact of unreliable
features on predictive models and investigate the robustness of the algorithms in the presence of
biased data.

Data analysis

Firstly, the data was divided into 70% for training (N = 2929) and 30% for held-out testing (N =
1255), ensuring that the held-out test set remained unseen during model training and was excluded
from hyperparameter tuning. The machine learning pipeline encompassed four distinct classifiers:
XGBoost, Random Forest, Logistic Regression, and Naive Bayesian, with each model using
unbalanced class weights.

To gauge the predictive performance of the models, multiple metrics were employed, including
the AUROC score, prediction accuracy, F1 weighted scores, Cohen's kappa score, negative precision,
and positive precision. The AUROC score signifies the area under the receiver operating
characteristic curve, providing insights into the models' sensitivity and specificity optimization.
Utilizing a fivefold validation technique, prediction accuracy and F1 weighted scores were calculated.
Additionally, Cohen's kappa score evaluated inter-rater reliability for categorical items, while
negative and positive precisions gauged the models' ability to detect cases with and without
depression symptoms, respectively. These assessments were performed for both GAD and MDD
outcomes, encompassing both the original dataset and the dataset with introduced random bias.

Furthermore, SHAP (Shapley Additive Explanations) scores were utilized to visualize and
ascertain feature importance within the original data. This comprehensive analysis aimed to
enhancing the understanding of the models' predictive performance and robustness under various
conditions, providing valuable insights into their effectiveness and applicability for mental health
prediction tasks.

Results

Predictive performance for the original dataset

We implemented four ML models, namely random forest, XGBoost, linear regression, and Naive
Bayesian, to predict MDD and GAD using the survey data without introducing any random errors.
The AUROC values for MDD were 0.674, 0.655, 0.661, and 0.650 for random forest, XGBoost, linear
regression, and Naive Bayesian, respectively (Figure 1a). For GAD, the AUROC values were 0.688,
0.682 for, 0.694, and 0.631 for random forest, XGBoost, linear regression, and Naive Bayesian,
respectively (Figure 1b).

Overall, random forest, XGBoost, and linear regression showed comparable AUROC values for
both GAD and MDD. However, random forest and XGBoost outperformed the other models in
additional metrics, including accuracy, F1-score, and negative prediction, for both MDD (see Table
1) and GAD (see Table 2). These results align with previous findings, particularly highlighting
random forest’s higher positive precision scores (0.692 for MDD in Table 1 and 1.000 for GAD in Table
2) compared to XGboost (0.257 for MDD in Table 1 and 0.156 for GAD in Table 2) and the other
methods.

The results suggest that random forest provides more accurate predictions for MDD and GAD
but may have a higher false-negative rate, as indicated by the similar F1 scores compared to other
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methods. This finding highlights the trade-off between sensitivity and specificity in model
performance, making random forest a potentially valuable choice for mental health prediction tasks,
especially when prioritizing higher accuracy.

Next, we assessed the feature importance for predicting MDD and GAD using the random forest
model (see Figure 2). Notably, there were no common features among the top five ranked for both
conditions. For MDD, the top three ranked features were diastolic blood pressure, up-to-date
vaccination status, and parental home. In contrast, the need for a control examination, gender, and
height emerged as the top three for GAD. These distinctions are consistent with findings from
previous studies, underscoring the unique characteristics associated with each disorder.

Similarly, when evaluating feature importance for predicting MDD and GAD using XGBoost
(see Figure 3), a contrast was observed compared to the random forest results. Specifically, features
such as other recreational drugs and heart rate were shared among the top five ranked features for
both MDD and GAD. For MDD, diastolic blood pressure, up-to-date vaccination status, and parental
home were of relatively higher importance. In contrast, the need for a control examination, gender,
and field of study were more pivotal for GAD prediction. This variation in feature importance
between MDD and GAD aligns with the findings from the random forest model.
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Figure 1. Plots display the receiver operating characteristic curves (AUROC) for the prediction of a)
Major Depressive Disorder (MDD) and b) Generalized Anxiety Disorder (GAD) in the test set, without
the introduction of any random errors. The predictions were generated using various models,
including Random Forest (forest), XGBoost (boost), Logistic Regression (lgClassifier), and Naive
Bayesian (NB). The curves demonstrate the sensitivity and specificity at different thresholds for
prediction, providing valuable insights into the models' performance and their ability to accurately
predict MDD and GAD under normal data conditions.

Table 1. Evaluations of four classification models in predicting MDD.

Methods accuracy f1_weighted cohen-kappa negative precision positive precision
xgboost 0.868 0.808 0.182 0.901 0.257
random forest 0.869 0.813 0.082 0.873 0.692
NB 0.603 0.626 0.005 0.903 0.135
Linear-regression 0.675 0.722 0.14 0.907 0.212

The table presents the performance metrics of these models on the original dataset without any
added random errors. The metrics include accuracy, F1-score, Cohen Kappa score and precision,
providing a comprehensive assessment of the models’ predictive capabilities for depression.
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Table 2. Evaluations of four classification models in predicting GAD.

Methods accuracy fl_weighted cohen—kappa negative precision positive precision
xgboost 0.927 0.892 0.125 0.942 0.156
random forest 0.927 0.892 0.02 0.927 1

NB 0.102 0.074 0.082 0.935 0.135
Linear-regression 0.674 0.751 0.105 0.955 0.129

The table presents the performance metrics of these models on the original dataset without any
added random errors. The metrics include accuracy, Fl-score, Cohen Kappa score and precision,
providing a comprehensive assessment of the models’ predictive capabilities for anxiety.
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Figure 2. Plots illustrate the importance of features for predicting a) Major Depressive Disorder
(MDD) and b) Generalized Anxiety Disorder (GAD). The plots display the mean of the absolute
values of SHAP scores across all top-ranked features. A higher SHAP value indicates that the
corresponding feature significantly influenced the prediction of the random forest model. These plots
offer valuable insights into the relative significance of different features in informing the predictions
of MDD and GAD, helping to identify the key factors that contribute to the model’s performance.
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Figure 3. Plots illustrate the importance of features for predicting a) Major Depressive Disorder
(MDD) and b) Generalized Anxiety Disorder (GAD). The plots display the mean of the absolute
values of SHAP scores across all top-ranked features. A higher SHAP value indicates that the
corresponding feature significantly influenced the prediction of the XGBoost model.

Predictive performance for the biased dataset

Before diving into the robustness of our models against random errors, it’s essential to highlight
that certain features may have a stronger influence on predictions and should be carefully considered.
Random forest identified 5 and 7 features among the top 20 important features that could potentially
be prone to bias for MDD and GAD, respectively. On the other hand, Xgboost identified 8 and 7
features among the top 20 important features that could be susceptible to bias for MDD and GAD,
respectively (see Figures 2 and 3). Recognizing these potential biases, we introduced random errors
into these self-selected 17 features identified as potentially susceptible to bias (see Methods) to test
the resilience of our models.

We employed four ML models — random forest, XGBoost, linear regression, and Naive Bayesian
— to predict MDD and GAD on the biased dataset. The AUROC values for MDD were 0.641, 0.624,
0.624 , and 0.625 for random forest, XGBoost, linear regression, and Naive Bayesian, respectively(see
Figure 4a). For GAD, the AUROC values were 0.650, 0.639, 0.637, and 0.593 for random forest,
XGBoost, linear regression, and Naive Bayesian, respectively (see Figure 4b). Overall, all methods
yielded lower AUROC values compared to the predictions using the original data (see Figure 1).

However, XGBoost demonstrated superior performance compared to random forest and other
models in additional metrics, including accuracy, Fl-score, negative precision, and positive
prediction, for both MDD (see Table 3) and GAD (see Table 4). Specifically, after introducing random
errors, the positive precision decreased from 0.257 to 0.21 for MDD and from 0.156 to 0.155 for GAD
in XGBoost, indicating its robustness in handling survey data with some unreliability. Conversely,
random forest experienced a significant decrease in positive precision, dropping from 0.692 and 1.000
to 0 for both MDD and GAD. These findings suggest that XGBoost may hold advantages in effectively
managing survey data with inherent unreliability.
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Figure 4. Plots illustrate the receiver operating characteristic curves (AUROC) for the prediction of a)
Major Depressive Disorder (MDD) and b) Generalized Anxiety Disorder (GAD) in the test set,
considering the introduction of random errors. The predictions were generated using multiple
models, including Random Forest (forest), XGBoost (boost), Logistic Regression (lgClassifier), and
Naive Bayesian (NB). The curves showcase the trade-off between sensitivity and specificity at various
thresholds for prediction, providing valuable insights into the models' performance and their ability
to accurately predict MDD and GAD under the influence of random errors.
Table 3. Evaluations of four classification models in predicting depression.
Methods accuracy f1_weighted cohen-kappa negative precision positive precision
xgboost 0.867 0.805 0.112 0.887 0.21
random forest 0.867 0.806 [ 0.867 0
NB 0.419 0.472 0.001 0.879 0.134
Linear-regression 0.626 9.683 0.106 9.901 0.191

The table presents the performance metrics of these models on the original dataset with the
introduction of random errors. The metrics encompass accuracy, F1-score, Cohen Kappa score, and
precision, offering a comprehensive assessment of the models' predictive capabilities for depression.

Table 4. Evaluations of four classification models in predicting anxiety.

Methods accuracy f1_weighted cohen-kappa negative precision positive precision
xgboost 9.927 0.892 0.113 @8.938 0.155
random forest 0.927 0.892 0 0.927 ]

NB 0.103 0.077 0.064 0.935 09.116
Linear-regression 9.667 0.746 0.067 0.946 0.109

The table presents the performance metrics of these models on the original dataset with the
introduction of random errors. The metrics encompass accuracy, F1-score, Cohen Kappa score, and
precision, offering a comprehensive assessment of the models' predictive capabilities for anxiety.

Discussion

In recent years, ML methods have gained significant popularity in the field of mental health
prediction. However, few studies have evaluated the performance of these ML methods to ensure
their reliability and clinical applicability. In this study, we conducted a comprehensive analysis to
predict MDD and GAD among undergraduate university students using ML models. The dataset
consisted of self-reported survey data from students, covering various socio-demographic
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characteristics, health-related information, and lifestyle behaviors. We evaluated the reliability of
ML methods by comparing the performance of models run on the original data with that of simulated
data with added biases.

We explored four different ML classifiers - random forest, XGBoost, linear regression, and Naive
Bayesian - to predict MDD and GAD. The models were initially trained on the original dataset
without any added random errors, and we evaluated their performance using various metrics,
including AUROC, accuracy, F1-score, Cohen's kappa score, and precision.

The results from the models trained on the original data showed that random forest, XGBoost,
and linear regression exhibited similar performance in terms of AUROC for both MDD and GAD.
However, random forest and XGBoost outperformed the other models in additional metrics such as
accuracy, Fl-score, and negative precision. Notably, random forest demonstrated higher positive
precision, indicating its ability to accurately predict cases with depression and anxiety.

We further explored the feature importance using SHAP scores for the random forest model and
the XGBoost model. The top-ranked physiological features for both MDD and GAD included weight,
height, heart rate, and blood pressure, indicating their importance in predicting mental health
outcomes. This finding is consistent with existing literature [22]. Additionally, certain environmental
features such as parental home emerged as relatively important for predicting MDD and GAD,
reflecting potential associations between these factors and mental health conditions. This may be
attributed to the influence of the childhood home environment, which is recognized as an important
factor in youth mental health [23,24].

To assess the models' robustness, we introduced random errors into the data for 17 features that
were considered susceptible to bias. The performance of all models declined compared to the original
data, with lower AUROC values observed. However, XGBoost exhibited better overall performance
than random forest and other models in metrics like accuracy, F1-score, and negative precision, even
after the introduction of random errors.

Overall, our study highlights the potential of ML models in predicting depression and anxiety
among university students based on self-reported survey data. Random forest and XGboost proved
to be particularly effective in handling these prediction tasks. However, further research is needed to
understand the underlying factors contributing to these mental health conditions and to explore the
generalizability of the models to larger and more diverse populations. Additionally, efforts to
mitigate biases and enhance data reliability should be considered to improve the models' accuracy
and applicability in real-world mental health prediction settings.

Conclusions

In this study, we leveraged ML models to predict MDD and GAD among university students
based on self-reported survey data. Our results demonstrate the potential of machine learning, with
XGBoost showing robust performance, even in the presence of simulated data errors. While this work
represents a significant step toward effective mental health prediction, further research is needed to
delve into underlying factors and the generalizability of our models to diverse populations.
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