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Background & objectives: Mental health disorders pose an increasing public health challenge worsened by the
COVID-19 pandemic. The pandemic highlighted gaps in preparedness, emphasizing the need for early identifi-
cation of at-risk groups and targeted interventions. This study aims to develop a risk assessment tool for anxiety,
depression, and self-perceived stress using machine learning (ML) and explainable Al to identify key risk factors
and stratify the population into meaningful risk profiles.

Methods: We utilized a cohort of 9291 individuals from Northern Spain, with extensive post-COVID-19 mental
health surveys. ML classification algorithms predicted depression, anxiety, and self-reported stress in three
classes: healthy, mild, and severe outcomes. A novel combination of SHAP (SHapley Additive exPlanations) and
UMAP (Uniform Manifold Approximation and Projection) was employed to interpret model predictions and
facilitate the identification of high-risk phenotypic clusters.

Results: The mean macro-averaged one-vs-one AUROC was 0.77 (£ 0.01) for depression, 0.72 (£ 0.01) for
anxiety, and 0.73 (& 0.02) for self-perceived stress. Key risk factors included poor self-reported health, chronic
mental health conditions, and poor social support. High-risk profiles, such as women with reduced sleep hours,
were identified for self-perceived stress. Binary classification of healthy vs. at-risk classes yielded F1-Scores over
0.70.

Conclusions: Combining SHAP with UMAP for risk profile stratification offers valuable insights for developing
effective interventions and shaping public health policies. This data-driven approach to mental health pre-
paredness, when validated in real-world scenarios, can significantly address the mental health impact of public
health crises like COVID-19.

1. Introduction

Mental health disorders are a leading cause of disease and disability
worldwide. Anxiety alone has an estimated global prevalence of 4.05 %
and the number of people affected increased >55 % from 1990 to 2019
[1]. According to the World Health Organization, at a global level, over
280 million people are estimated to suffer from depression, equivalent to
3.8 % of the world's population [2,3]. Notably, there is a significant
treatment gap in mental health: the proportion of people with depres-
sion receiving at least minimally adequate depression treatment ranged
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from 22.4 % in high-income countries to 3.7 % in lower middle-income
countries [3]. This treatment gap worsened in 2020, when the COVID-19
pandemic and subsequent lockdowns dramatically impacted mental
health, exacerbating conditions for those already in treatment and
affecting many without previous mental health issues [4]. Therefore,
examining the COVID-related drivers of anxiety, depression, and stress is
a key focus of this article.

Although the consequences of the pandemic on population mental
health were anticipated early after the first COVID-19 outbreak,
healthcare systems were poorly prepared to implement effective
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mitigation measures [5]. Rather than adopting a proactive preventive
approach to the emerging mental health crisis, the response was largely
limited to passive case management in specialized healthcare centers. A
fundamental lesson from the COVID-19 pandemic has been that health
policies often lack preparedness and prevention strategies, with mental
health being no exception. A treatment-focused strategy proved inef-
fective in addressing the sudden increase in mental health disorders.
Instead of overloading specialized mental health settings, mitigation
efforts should focus on integrating services into general healthcare, early
identification of at-risk groups, and implementation of targeted mea-
sures [6]. Consequently, the development of a tool for identifying in-
dividuals and groups at risk of anxiety, depression, and stress—who may
benefit from proactive intervention—is a primary objective of this study.
Such an innovative tool would have a substantial impact not only on
addressing current needs but also on preparing for future public health
emergencies like COVID-19.

Developing a mental health risk assessment tool is challenging due to
the multifactorial nature of mental health conditions. Over 176 non-
genetic risk factors have been identified, each with a low to moderate
effect (RR between 0.1 and 2.5) [7]. The range of identified exposures
include lifestyle choices (e.g., smoking, physical activity), proximal
factors (e.g., domestic violence, caregiving), socioeconomic conditions
(e.g., gender, migrant status, unemployment), and environmental haz-
ards (e.g., air pollution) [8]. Additionally, these factors interact in
complex, bidirectional ways. A primary aim of this study is to create an
automated tool that integrates these diverse exposures and socioeco-
nomic drivers into a comprehensive mental health risk prediction
model. This tool will assess the contribution of each factor to mental
health disorders, guiding mental health clinicians in their assessment
and thus, facilitating targeted and effective interventions.

Precision medicine is an innovative approach to disease prevention,
diagnosis, and treatment that considers individual differences in ge-
netics, environment, and lifestyle [8]. The emergence of machine
learning (ML) and artificial intelligence (AI) has created new opportu-
nities for this systemic approach to healthcare by integrating data from
multiple sources to provide comprehensive risk assessments, which have
proven successful for many chronic conditions [9,10]. In particular, the
field of “digital psychiatry” focuses on developing ML and AI methods to
assess, diagnose, and treat mental health issues [11,12]. These algo-
rithms utilize various data sources beyond electronic health records
(EHRs), including smartphones, wearables, genetics, demographics, and
lifestyle factors [13-16]. However, while healthcare records offer high-
quality data, their reliability decreases during emergencies such as the
COVID-19 pandemic. During the pandemic, online surveys became
essential for monitoring population mental health [17]. The provision of
updated, individualized risk information through online surveys was
crucial for effective response policies. For instance, two recent studies
developed machine learning approaches to predict the impact of COVID-
19 on healthcare workers' mood and identify key predictive variables
related to stress [17,18]. In line with this, our study aims to integrate
questionnaire data and clinical history with predictive modeling to
enable personalized risk assessment for mental health outcomes,
enhancing emergency preparedness across the population.

The present study capitalizes on the multifactorial aspect of the
COVICAT dataset, a unique cohort of over 10,000 adult individuals from
Northern Spain (Catalonia), with longitudinal data collected since 2014
and mental health surveys conducted following the COVID-19 pandemic
outbreak [19,20]. By applying machine learning classification algo-
rithms on this rich dataset, our goal is to develop a tool for individual-
ized risk assessment of three adverse mental health outcomes: anxiety,
depression, and self-perceived stress.

Many machine learning algorithms used for risk assessment are often
viewed as “black boxes,” making it difficult to understand the factors
contributing to risk. Particularly important in biomedicine is the
deployment of explainable AI (XAI) to enhance the interpretability and
trustworthiness of algorithms. Clinicians and patients need to trust the
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Al tools to the extent that they can economize on human oversight,
monitoring and verification of the system's recommendations [21-23].
In mental health, explainability is also becoming a common best practice
in studies reporting machine learning algorithms for the identification of
individuals at risk of mental health disorders [21]. New XAI methods
provide several key benefits. First, they enhance transparency by
showing which variables are important. Second, they improve trust-
worthiness by helping identify biases in the data. Finally, by under-
standing the patterns that drive predictions, these methods enable
researchers to gain new insights and generate new hypotheses from the
data [22,23].

In this study, we propose a novel approach for identifying the main
risk phenotypes of mental health disorders, specifically anxiety,
depression, and self-perceived stress. We leverage the Al explainability
method SHAP (SHapley Additive exPlanations) [24], an algorithm that
identifies the main determinants of mental health risk prediction by
assessing feature importance. Additionally, we employ Uniform Mani-
fold Approximation and Projection (UMAP) [25], a powerful dimen-
sionality reduction technique, to visualize clustering patterns in high-
dimensional data. The innovative combination of SHAP and UMAP al-
lows us to stratify the population into meaningful phenotypic clusters,
revealing key signatures of mental health symptoms within each risk
group. This strategy enables the design of targeted interventions for
participants with similar needs.

Our objective is to develop a machine learning-based risk prediction
tool for anxiety, depression, and stress using multifactorial data from the
COVICAT cohort, which includes lifestyle, socioeconomic, and de-
mographic factors collected in the aftermath of the COVID-19 pandemic.
This tool is designed to assess mental health risks during and after
emergency situations, such as pandemics and other public health crises.
We will employ explainable AI methods to identify key drivers of these
disorders, using SHAP and UMAP to stratify the population into distinct
risk profiles. Once validated and implemented, this tool will enable
healthcare providers to deliver more effective, targeted interventions,
mitigating the long-term societal and economic burden of mental health
issues and improving preparedness for future emergencies.

2. Methods
2.1. Data collection

Data was sourced from COVICAT (COVID-19 cohort in Catalonia), a
COVID-19 population-based cohort of the Catalan population. Its pri-
mary aim is to describe the health impact of the COVID-19 pandemic on
the adult population in Catalonia. The cohort builds on pre-existing
cohort studies, as previously detailed [20,26-30]. The largest propor-
tion of the participants (88 %) were sourced from the GCAT|Genomes
for Life Study. The GCAT cohort study includes middle-aged participants
(40-65 years old at recruitment, 2014-2017) residing in Catalonia [31]
and covers genetics and non-genetic exposure variables, including direct
links to electronic healthcare registers (clinical diagnoses, treatments,
and prescriptions). Participants from the pre-outbreak cohort were
invited to participate in the COVICAT study, which included a survey
conducted between June and November 2020, and a follow-up survey
between June and August 2021. Behavior and quality of life, as well as
personal data, were obtained through questionnaires, while health sta-
tus data (from 2010 to 2020) was sourced by linking data collected in
the public health administration databases of Catalonia. Environmental
variables (e.g., exposures to air pollutants and green spaces) were esti-
mated from the participants' residential addresses using models devel-
oped by the ELAPSE project and MODIS, respectively [28,32]. For
demographic characteristics of the COVICAT cohort, refer to Table 1 and
reference [20]. The mental health outcomes of interest are depression,
anxiety, and self-perceived stress scores.
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Table 1
Description of sociodemographic characteristics (n = 9515), COVICAT study.
Demographic characteristics N(%)
Gender
Women 5527(59.49)
Men 3764 (40.51)
Age groups
<49 2541(27.35)
50-59 4306(46.35)
>60 2444(26.3)
Education
Primary or lower 994(10.7)
Secondary 3825(42.25)

Graduate or above
COVID-19 disease
All cases
Severe COVID-19
No diagnosis
Pre-pandemic mental health diagnosis
Any diagnosis
No diagnosis
Number of people in household
Living alone
Two persons
Three persons
Four or more persons
Employment status

4372(47.05)

329(4.17)
57(0.61)
8904(95.83)

522(5.62)
8769(94.38)

1260(13.56)
2887(31.07)
2424(26.09)
2720(29.28)

Currently unemployed 2406(25.9)
Currently employed 5130(55.2)
Others 1755(18.9)

2.2. Data preprocessing

2.2.1. Data selection

Only participants who completed the self-reported web question-
naire were included. Participants who were interviewed over the phone
and completed a reduced questionnaire were excluded. This selection
process resulted in a dataset with a total of 9291 participants and 161
variables. Within the final dataset, only 0.34 % of the data was missing,
and these missing values were distributed among a small subset of 31
variables. The majority of the variables in the dataset had complete
information for all participants.

2.2.2. Categorization of mental health outcomes into severity classes

The primary objective of the risk assessment tool to be developed is
to predict depression, anxiety, and self-perceived stress experienced by
participants at the time of data collection using a supervised machine
learning model. To achieve this, participant outcomes of interest were
assessed for all participants to train and validate the model. These out-
comes were measured using the Hospital Anxiety and Depression Scale
(HADS) [33]. The HADS scale for depression and anxiety serves both
diagnostic and severity assessment purposes through its depression and
anxiety subscales. Each subscale consists of 7 items and yields scores
ranging from O to 21. We used a threshold score of 11 for each subscale
to identify severe anxiety and severe depression, while mild levels of
anxiety were identified with a score of 8 and mild levels of depression
with a score of 6, following the validated cut-off points for the Spanish
population [34].

The global HADS score has been proposed as an effective measure of
self-perceived stress or emotional distress [35]. Nevertheless, specific
recommended threshold values for characterizing the severity of self-
perceived stress have not yet been established. In this study, we used
a threshold of 23 to identify severe self-perceived stress and a threshold
of 18 to characterize mild levels of self-perceived stress. To ensure
consistency, we based these threshold values on the quantiles associated
with the established cut-off points for depression and anxiety.

Consequently, target outcomes—depression, anxiety, and self-
perceived stress—were categorized into three levels of severity:
healthy, mild, and severe. This categorization resulted in imbalanced
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datasets, with the “severe” category having the lowest representation.
The resulting distribution of categories is shown in Table 2.

2.2.3. Imputation

Imputation was conducted using the k-Nearest Neighbors algorithm
from the scikit-learn Python library. After benchmarking multiple
imputation methods for classifier performance, the kNNImputer
demonstrated the best performance for our relatively complete dataset.

The validity of the imputation approach was confirmed using the
two-sample Kolmogorov- Smirnov statistical test [36]. Using the con-
ventional significance threshold of p-values at 0.05, the analysis did not
reveal any significant discrepancy between observed and imputed
feature distributions. It is important to note that for machine learning
analysis, imputation was exclusively performed on the training set. This
was done without including the outcomes of interest to prevent the
creation of artificial correlations between the outcomes and predictors.
The imputation model developed on the training set was subsequently
applied to fill in the missing data in the test set.

2.2.4. Categorical variable encoding

The dataset had 114 categorical and 47 numerical variables,
respectively. Ordinal encoding was used for ordinal categorical vari-
ables, while nominal categorical variables were one-hot encoded. The
resulting dataset after one-hot encoding consisted of 161 variables to be
included as features in the machine learning models.

2.2.5. Feature scaling

We applied standard scaling to the already encoded and imputed
data. Similarly, data scaling was performed on the training set and the
scaling model derived based on the training set was later applied to scale
the test set.

2.3. Machine learning-based predictive modeling

2.3.1. Classification tasks

For each mental health condition, we developed a three-class clas-
sification machine learning algorithm to predict the individual risk
(healthy, mild, or severe) of adverse mental health conditions. In the
multiclass classification, individuals are assigned to the severity cate-
gory for which they have the highest predicted probability.

2.3.2. Machine learning classifiers

We evaluated and compared several state-of-the-art machine
learning classification algorithms, including random forest (RF),
extreme gradient boosting (XGBoost), support vector machine (SVM),
naive Bayes (NB), multi-layer perceptron (MLP), and logistic regression
(LR). All classifiers were trained using balanced class weights to address
class imbalance.

2.3.3. Evaluation of the models

To evaluate algorithm performance, a nested (stratified) 5-fold cross-
validation procedure was adopted. This strategy involves nesting two 5-
fold cross-validation loops: the inner loop is used to optimize model
hyperparameters, and the outer loop provides an unbiased estimate of

Table 2
Severity class distribution for each mental health condition.

Number of
patients (%)

Healthy Mild Severe
Depression 6746 (72.6) 1988 (21.4) 547 (5.9)
Anxiety 6421 (69.1) 1775 (19.1) 1095 (11.8)
Self- 6541 (70.4) 1803 (19.4) 947 (10.2)

perceived
stress
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the performance of the best model [37]. Importantly, each participant
was left out and used as part of a test set fold once, while the participants
in the remaining four folds were used as the training set for model
learning.

Models were evaluated on the test set using the macro-averaged one-
vs-one area under the receiver operating characteristic curve (AURO-
C_ovo), which measures the unweighted pairwise discriminability of
classes and is insensitive to changes in class distribution, making it
appropriate for imbalanced multiclass datasets [38]. Additional evalu-
ation metrics include the one-vs-rest area under the receiver operating
characteristic curve (AUROC_ovr), along with recall and precision
values derived from multiclass confusion matrices [39]. Performance
metrics were calculated for each outer cross-validation iteration and
reported as mean + standard deviation.

2.3.4. Feature selection

In machine learning, feature selection involves choosing variables or
features that are informative for a given outcome based on a predictive
model. Ideally, selected features should represent the variance but not
be collinear or interdependent. By incorporating a feature selection step
in our machine learning applications, we aim to leverage several ad-
vantages, including enhanced computational efficiency, streamlined
model interpretation, and improved prediction accuracy. Moreover, this
strategy helps mitigate the risk of overfitting, ensuring the robustness
and reliability of our models [40].

Feature selection was performed in two steps. First, highly correlated
features (Pearson's coefficient >0.85) were removed. Next, we applied
mRMR (minimum Redundancy - Maximum Relevance), a filter-based
feature selection method that ranks features based on their relevance
for predicting each of the three categories (healthy, mild, or severe) of the
outcomes—depression, anxiety, and self-perceived stress—and the
redundancy among selected features [41]. Specifically, we used the FCQ
(F-test Correlation Quotient) variant proposed in [42], where the F-
statistic measures feature relevance, the Pearson correlation coefficient
measures redundancy, and a quotient scheme balances relevance and
redundancy.

Importantly, feature selection was performed only using the training
set, resulting in a ranking of features based on the minimal-redundancy
and maximal-relevance criterion. The number of selected top-ranked
features was treated as a hyperparameter, and its optimal value was
determined during hyperparameter tuning.

2.3.5. Hyperparameter tuning

To select the optimal hyperparameter values of each machine
learning classifier, we maximized the macro averaged AUROC_ovo. We
performed 50 hyperparameter optimization trials for the identification
of the best hyperparameter values. The XGBoost classifier parameters
were tuned using a combination of uniform and logarithmic distribu-
tions: max_depth and n_estimators were adjusted with uniform distri-
butions, while learning rate and reg lambda were fine-tuned using
logarithmic and uniform distributions, respectively. Additional details
on parameter tuning for other models, including Random Forest, Sup-
port Vector Machine, Naive Bayes, Multi-Layer Perceptron, and Logistic
Regression, are provided in Table S1.

For comparing the performance of various machine learning classi-
fiers, the number of selected top-ranked features was predetermined
before conducting hyperparameter tuning. However, for the ultimately
identified best-performing algorithm, hyperparameter tuning was
executed for different numbers of top-ranked features. The final model
was selected using the one-standard-error (OSE) rule [43], which
identifies the model with the fewest features that is within one standard
error of the best performance. This approach balances model accuracy
and complexity, minimizing overfitting while ensuring high perfor-
mance. The final model classification performance for each outcome is
displayed in Fig. 2.
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2.4. Model interpretation using SHAP

After deriving the mental health risk assessment tool for anxiety,
depression, and self-perceived stress, and validating it with a separate
test set, we employed SHAP (SHapley Additive exPlanations) for model
interpretation. SHAP was utilized to identify the most significant drivers
of these conditions by quantifying the contribution of each feature to
model predictions [24]. This approach provides transparency by ranking
features based on their relevance and explaining their impact on the
predictions. SHAP represents a state-of-the-art method for interpreting
machine learning models.

For each prediction, SHAP values were calculated to assess the
importance of individual features, which can be positive or negative
depending on whether they increase or decrease the probability of a
particular severity category (healthy, mild, severe). To ensure the stability
and reliability of interpretations, SHAP values were computed for the
test set across all cross-validation iterations, ensuring that values were
derived for each participant who was not included in the training folds.
The SHAP values were computed using the Python package shap and the
TreeExplainer algorithm [24]. Fig. 3 shows the most relevant features
for the prediction of each outcome.

2.5. Stratification by personalized risk profile using SHAP and UMAP

After calculating individual and global risk drivers with SHAP, we
next employed a recent unsupervised learning technique, Uniform
Manifold Approximation and Projection (UMAP) [25], to stratify the
population at risk into meaningful subgroups with similar risk profiles.
UMAP, a dimensionality reduction method, helps visualize clustering
patterns in high-dimensional data, providing insight into the structure of
risk profiles (i.e. individuals similarly impacted by risk factors). This
stratification aims to facilitate targeted interventions for identified risk
groups. The process involved several key steps.

Initially, we performed post-processing of SHAP values by focusing
on those computed for the severe mental health outcome category to
identify risk factors positively associated with severe outcomes. We then
selected participants with severe mental health conditions as the at-risk
population and isolated SHAP values for features consistently identified
across outer cross-validation folds to ensure stability. These SHAP values
were visualized using UMAP to reveal clustering patterns, followed by
the application of agglomerative hierarchical clustering [43] to define
clusters and compute characteristic risk factors for each cluster.

A risk factor was considered characteristic of a cluster if its SHAP
values were positive for at least 95 % of the cluster's members, with
mean-magnitude SHAP values used as risk scores to assess significance.
This approach provided a structured stratification of the population,
enhancing our capability to implement targeted interventions.

As aresult, we are able to: 1) identify risk factors and their associated
risk scores; and 2) stratify the population in different risk profiles
allowing for the characterization of the highest-risk and significantly
prevalent profiles. The full machine learning workflow is illustrated in
Fig. 1. Feature importance results utilizing SHAP are displayed in Fig. 3.
Fig. 4 shows the population stratification by risk profile, and the char-
acteristic features for each risk cluster.

3. Results
3.1. Classification performance

In this section, we present the results of developing a classification
tool to assess the risk of mental health issues, including anxiety,
depression, and self-perceived stress. We begin by comparing the per-
formance of various classification algorithms using a 4-fold cross-
validation approach. Additionally, we evaluate the impact of feature
selection on classification performance through several metrics,
including precision, recall, AUROC_ovo, AUROC_ ovr, and F1-Score.
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Fig. 1. Machine learning workflow. A stratified 5-fold cross-validation (CV) procedure was adopted. The procedure begins by splitting the dataset into 5 folds (outer
CV): one fold is used as the validation set (20 %), while the remaining 4 folds (80 %) serve as the training set. An additional inner CV loop is employed to optimize the
number of selected top-ranked features and the hyperparameters of the models. The best model is chosen based on performance on the training set folds and tested on
the validation fold. This process is repeated for each of the 5 outer cross-validation iterations. SHAP values are used in combination with UMAP to explain the model's

predictions and perform a cluster-based risk profile analysis.

The XGBoost algorithm proved to be the best-performing algorithm
across the three outcomes as reported in Table 3 and Table 4, and was
therefore chosen for the final models for feature selection optimization.

For depression, anxiety, and self-perceived stress, the predictive
models demonstrated very good performance. The XGBoost models
achieved macro-averaged one-vs-one (AUROC_ovo) scores of 0.780 (+
0.018) for depression, 0.723 (£ 0.009) for anxiety, and 0.735 (+ 0.010)
for self-perceived stress. In Tables 3 and 4, we observe that there is no
significant difference in classifier performance between using 100 fea-
tures versus 25 features, suggesting that feature selection does not

Table 3

majorly impact performance in this case. However, it is noteworthy that
the best results were achieved with a relatively small number of features:
13 (£ 3) for depression, 19 (4 6) for anxiety, and 21 (+ 4) for self-
perceived stress, the variability of this feature selection resulting from
an average across folds. This implies that many features may be non-
informative, redundant, or potentially introducing noise. Practically,
this finding suggests that the original questionnaire could be stream-
lined by reducing the number of questions to 20-25, simplifying the
survey for respondents while still maintaining strong predictive
accuracy.

Comparison of multiple machine learning classifier performance. Values highlighted in bold indicate the highest performance. The displayed scoring metric is the
macro-averaged one-vs-one area under the receiver operating characteristic curve (AUROC_ovo), presented as mean (+ standard deviation) over outer cross-validation
iterations. Metrics are shown for two different fixed numbers of top-ranked features: 25 and 100.

#features 25

#features 100

Depression Anxiety

Self-perceived stress

Depression Anxiety Self-perceived stress

0.772 (4 0.008)
0.775 (+ 0.007)
0.743 (+ 0.005)
0.730 (& 0.008)
0.762 (+ 0.013)
0.764 (+ 0.014)

0.717 (£ 0.011)
0.722 (+ 0.014)
0.711 (£ 0.010)
0.698 (£ 0.010)
0.722 (£ 0.011)
0.720 (£ 0.009)

Random Forest
XGBoost

Support Vector Machine
Naive Bayes
Multi-Layer Perceptron
Logistic Regression

0.729 (+ 0.011)
0.735 (+ 0.009)
0.719 (4 0.003)
0.708 (4 0.009)
0.724 (+ 0.017)
0.731 (& 0.009)

0.774 (£ 0.015)
0.780 (+ 0.018)
0.749 (£ 0.009)
0.705 (£ 0.017)
0.775 (4 0.012)
0.771 (£ 0.014)

0.721 (& 0.005)
0.723 (+ 0.009)
0.710 (+ 0.005)
0.664 (+ 0.011)
0.718 (4 0.008)
0.721 (+ 0.012)

0.731 (& 0.004)
0.735 (+ 0.010)
0.719 (£ 0.007)
0.674 (& 0.009)
0.730 (& 0.006)
0.734 (4 0.010)
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Table 4

Comparison of machine learning classifier performance for depression. The displayed macro-averaged scoring metrics include the one-vs-one area under the receiver
operating characteristic curve (AUROC_ovo), precision, recall, and F1-Score, presented as mean (+ standard deviation) over outer cross-validation iterations. Metrics
are shown for two different fixed numbers of top-ranked features: 25 and 100. The best-performing model (XGBoost) was determined based on the AUROC_ovo. We

showed the corresponding results for anxiety and self-perceived stress in Supplementary Materials.

#features 25

#features 100

AUROC _ovo Precision Recall F1-Score AUROC_ovo Precision Recall F1-Score
Random Forest 0.772 0.474 0.578 0.466 0.774 0.481 0.581 0.48

(£ 0.008) (+0.011) (£ 0.012) (+0.013) (+ 0.015) (£ 0.003) (£ 0.008) (+0.01)
XGBoost 0.775 0.504 0.593 0.523 0.78 0.505 0.591 0.525

(+ 0.007) (+ 0.006) (+ 0.008) (+ 0.008) (+ 0.018) (+ 0.005) (+ 0.007) (£ 0.007)
Support Vector Machine 0.743 0.487 0.578 0.488 0.749 0.514 0.566 0.519

(+ 0.005) (£ 0.008) (+ 0.008) (+ 0.022) (£ 0.009) (£ 0.011) (+ 0.025) (£ 0.01)
Naive Bayes 0.74 0.513 0.371 0.357 0.705 0.372 0.337 0.289

(+ 0.008) (+ 0.063) (+ 0.015) (+ 0.027) (+0.017) (+0.118) (+ 0.003) (+ 0.006)
Multi-Layer Perceptron 0.762 0.473 0.57 0.475 0.775 0.491 0.568 0.497

(+0.013) (+£0.01) (+0.012) (+0.033) (+£0.012) (+ 0.022) (+ 0.028) (+ 0.035)
Logistic Regression 0.764 0.486 0.58 0.499 0.771 0.491 0.587 0.508

(+0.014) (+ 0.003) (£ 0.004) (£ 0.003) (+0.014) (£ 0.007) (+0.011) (+ 0.008)

In Fig. 2-A, AUROC ovr values for each mental health condition and
severity category are displayed using a boxplot. Predictive models per-
formed best in predicting the severe category, with AUROC_ovr values of
0.861 (£ 0.012) for depression, 0.821 (£ 0.011) for anxiety, and 0.823
(£ 0.013) for self-perceived stress. The healthy category also performed
well, with AUROC _ovr values of 0.802 (+ 0.011) for depression, 0.777
(£ 0.014) for anxiety, and 0.783 (+ 0.011) for self-perceived stress.
However, the mild category had the lowest performance, with AURO-

expected, possibly due to the more distinct characteristics of severe and
healthy individuals. Additionally, the ambiguity in determining mild
cases using the HADS scale could contribute to these results.
Confusion matrices in Fig. 2-B1, -B2, and -B3 show moderately high
recall values for the healthy and severe categories. Specifically, recall
values for the severe category were 0.60 (+ 0.02) for depression, 0.57 (+
0.01) for anxiety, and 0.55 (+ 0.05) for self-perceived stress. However,
recall values for the mild category were lower, with less than half of the

C_ovr values of 0.685 (£ 0.014) for depression, 0.628 (+ 0.008) for
anxiety, and 0.641 (£ 0.019) for self-perceived stress. This outcome is

participants with mild mental health outcomes being correctly identi-
fied. This finding is significant because recall indicates the model's
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Fig. 2. Final model classification performance. Top: Boxplot of AUROC ovr for each classification task. Performance scores are shown for each severity category
(healthy, mild, and severe) and mental health outcome (depression, anxiety, and self-perceived stress). Bottom: Normalized (true label) confusion matrices for each
classification task. Standard deviations are displayed in the form (+ standard deviation) and below annotated numbers. Colors identify mental health conditions:
Blue: depression; Orange: anxiety; Green: self-perceived stress. (For interpretation of the references to color in this figure legend, the reader is referred to the web
version of this article.)
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effectiveness in identifying all relevant instances of a specific health
outcome, thus minimizing the risk of false negatives. While this may
result in some false positives, high recall is crucial for a screening
method like the one proposed here.

Despite achieving high precision values for the healthy category, the
models showed low precision values for the mild and severe categories
individually. Specifically, precision values were notably low for the se-
vere category, achieving 0.26 (& 0.02), 0.35 (+ 0.03), and 0.34 (£ 0.02)
for depression, anxiety, and self-perceived stress respectively. Further
details are given in Supplementary Materials (Supplementary Table S3).
Low precision in the context of health screening suggests that a signif-
icant number of individuals identified as having a specific condition by
the screening method may not actually have the condition upon further
examination or confirmation. This result suggests that combining two
classes (mild and severe) may yield better results.

To evaluate the classifier's performance, we calculated metrics for
the combined mild + severe category, representing individuals at risk of
experiencing a range of mental health outcomes. We computed the F1-
Score, precision, recall, and accuracy for the binary risk assessment, as
detailed in Table 5 and the Supporting Materials (see confusion
matrices). The binary classifier demonstrated strong performance, with
an F1-Score exceeding 0.70 and both recall and precision surpassing
0.75 and 0.70, respectively. These results suggest that the binary clas-
sification model is highly effective at identifying individuals at risk,
offering enhanced efficiency and accuracy compared to models that
differentiate outcomes by severity. This improved performance makes
the binary classifier a potentially more valuable tool for clinicians in
screening and risk assessment.

3.2. Mental health risk drivers

In this section, the objective is to understand the factors contributing
to the prediction of mental health adverse outcomes. To this end, we
utilize SHAP to assess the relative importance of features for predicting
the severe category for anxiety, depression and self-perceived stress.
Fig. 3-Al, -A2 and -A3 show the SHAP values computed for the severe
category in the form of beeswarm plots for depression, anxiety and self-
perceived stress, respectively. Features are ranked in descending order
based on their global feature importance, and positive variable specific
SHAP values indicate an increased risk of a negative mental health
outcome. Fig. 3-B compares global feature importance across mental
health conditions. The barplot groups informative features per type
(Exposure to covid-19, Lifestyle, Health and General) and compares
their informative value among the different outcomes.

The DUKE_IDX emerged as the most globally significant feature
across mental health conditions. Following closely was the general
health status scale (HEALTH_STATUS), identified as the second most
crucial feature for depression and anxiety. For self-perceived stress, the
second most globally important feature was the presence or absence of a
chronic mental health condition (CHR_DEP). SHAP beeswarm plots
showed that high values of DUKE_IDX, low values of HEALTH_STATUS,
and high values of CHR_DEP were associated with an increased risk of a
severe mental health outcome.

Changes in the physical activity (PHYSACT_CHANGES), the total

Table 5

Performance metrics for binary risk assessment (healthy vs. mild + severe).
Metrics for binary classification were derived from the confusion matrices of the
three-class models shown in Fig. 2. For further details, please refer to the Sup-
plementary Materials.

Metric Depression Anxiety Self-perceived stress
Accuracy 0.75 0.71 0.72
Precision 0.72 0.70 0.70
Recall 0.80 0.75 0.75
F1-Score 0.76 0.72 0.72
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number of COVID-19 symptoms by the time of the interview
(N_SYMP_CUR) and whether or not sleep hours had increased, decreased
or remained the same (SLEEP_CHANGES) were also found to be among
the most important features for depression, anxiety and self-perceived
stress, respectively. Notably, low values of PHYSACT CHANGES, high
values of N_.SYMP_CUR and low values of SLEEP_CHANGES were asso-
ciated with an increased risk of severe mental health outcomes. A more
detailed description of the selected features is shown in Supplementary
Materials (Supplementary Table S2).

3.3. Individual risk profiles analysis and stratification

In the previous sections, we developed tools for predicting depres-
sion, anxiety and self-perceived stress outcomes in the population and
employed SHAP explainability to pinpoint key characteristics associated
with a higher risk of adverse mental health outcomes.

In this section, we introduce a novel analytics and visualization tool
designed to stratify the population into groups with similar risk factors
for severe mental health outcomes, as determined by their SHAP values.
This innovative tool combines SHAP with the dimensionality reduction
method UMAP (Uniform Manifold Approximation and Projection).
UMAP is a powerful dimensionality reduction technique that can help
uncover intricate patterns and relationships within high-dimensional
data. By incorporating UMAP, we gain the ability to transform com-
plex data into a lower-dimensional representation while retaining the
underlying structure of the data. This novel combination SHAP-UMAP
enables us to visualize and analyze the population's risk factors for se-
vere mental health outcomes in a more interpretable and informative
manner.

This approach to population stratification is vital for the develop-
ment of personalized and cost-effective solutions and treatments. People
within the same group share common characteristics, making them
suitable candidates for similar treatment strategies. UMAP, with its
ability to reveal both local and global data structures, aids in the
effective identification of such groups, enhancing the precision and
affordability of tailored mental health interventions. We applied the
SHAP-UMAP explainability workflow (Fig. 1) and provided a mean-
ingful stratification of patients with a severe mental health condition.

Fig. 4-Al1.1, -B1.1 and -C1.1 show UMAP two-dimensional visuali-
zations of the population with severe outcomes for depression, anxiety
and self-perceived stress, respectively. The visualizations showcase a
varying number of clusters that reflect various risk profiles for each
mental health condition. Specifically, we identified 9 clusters for
depression, and 10 clusters for both anxiety and self-perceived stress.
Clusters with a higher density of red-colored dots represent most
vulnerable risk profiles. Individuals belonging to these clusters are
associated with higher probabilities of experiencing severe mental
health outcomes.

Fig. 4-A1.2, -B1.2 and -C1.2 show the set of identified risk factors and
profiles for depression, anxiety and self-perceived stress, respectively.
For each mental health condition, the identified clusters are regarded as
risk profiles and each one is characterized by one to three risk factors.
We quantitatively determined the most vulnerable risk profiles based on
those exhibiting the highest risk scores. Interestingly, the same highest
risk profiles were found for depression and anxiety: individuals with
both a chronic mental health condition and poor social support
(depression: cluster 6; anxiety: cluster 6) and people with both a poor or
regular self-reported health status and poor social support (depression:
cluster 1; anxiety: cluster 8). The latter was also found to be among the
highest-risk profiles for self-perceived stress (cluster 6). Moreover, we
identified two additional highest risk profiles for self-perceived stress:
women whose sleep hours had decreased and, either had poor social
support (cluster 3), or experienced anxiety about finding products to buy
during the confinement (cluster 10). As expected, the identified high risk
profiles align with the most red-colored clusters from two-dimensional
UMAP embeddings. Additionally, there were clusters where no major
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Fig. 3. SHAP values and global feature importance. Panel A: SHAP beeswarm plots for depression (Al), anxiety (A2) and self-perceived stress (A3). The SHAP
beeswarm plot represents each patient by a single dot on each variable line with the color indicating the level of the respective feature value on its scale (gray
indicates lower values, while colors blue, orange or green indicate higher values for depression, anxiety and self-perceived stress, respectively). The SHAP value
determines the position of each data point on the x-axis. In cases where points overlap due to similar SHAP values, dots pile up along each feature row to show
density. The plot also ranks the features based on their global feature importance (mean absolute SHAP value) for the model's output on the y-axis; Panel B: Bar plot
comparing global feature importance (mean absolute SHAP value) between mental health outcomes. The x-axis displays the set of features that are more informative
for all three mental health conditions. Features are arranged in four groups, with each group consisting of the same type of features. Blue: depression; Orange:
anxiety; Green: self-perceived stress. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

characteristic risk factor was identified (depression: cluster 2; anxiety:
cluster 2; and self-perceived stress: cluster 2). We observed that those
clusters showed a high proportion of misclassifications (i.e. false nega-
tives) Further details are given in Supplementary Materials (Supple-
mentary Fig. §2).

The list of identified risk factors for depression, anxiety and self-
perceived stress is presented in Fig. 4-A1.2, -B1.2 and -C1.2, respec-
tively. Certain risk factors are shared across multiple mental health
conditions, such as experiencing anxiety about not being able to find
products to buy during confinement, post-pandemic COVID-19 symp-
toms, and reduced sleep hours. However, the significance and preva-
lence of these common risk factors may vary among the different mental
health outcomes. Notably, decreased sleep hours emerged as a more
prevalent risk factor for self-perceived stress compared to anxiety.
Additionally, specific risk factors were identified for each mental health
outcome: decreased physical activity and conflicts with family members
during confinement for depression; difficulty maintaining rules during
confinement for anxiety; and being female for self-perceived stress.

SHAP also offers insights into crucial features at the individual level.
The SHAP force plots in Fig. 4-Al1.3, -B1.3, and -C1.3 provide a
comprehensive breakdown of the model's decision process for individual
predictions, illustrating the relative importance and directionality of
each feature's influence. For instance, in the case of depression (Fig. 4-

A1.3), the SHAP force plot illustrates the prediction breakdown for an
individual from cluster 3, representing the highest-risk profile with a
prevalence of 22.4 %. This cluster is characterized by individuals with
poor social support as a primary risk factor. The plot reveals how various
risk factors impact this individual, including family conflicts during
confinement.

In the context of anxiety (Fig. 4-B1.3), the SHAP force plot represents
an individual from cluster 8, the highest-risk profile characterized by
poor social support, and a poor or regular self-reported health status.
Lastly, Fig. 4-C1.3 displays a SHAP force plot for an individual from
cluster 3 for self-perceived stress. This plot highlights the significant
driving forces of poor social support, decreased sleep hours, and being
female as the most important risk factors for this specific participant.

The novelty of the tool that we present here lies in its ability to
stratify participants not only by overall risk but also by shared risk
drivers. This stratification enables the identification of clusters that,
theoretically, could be targeted by a common intervention. Further-
more, the SHAP force plot facilitates the ongoing monitoring of risk for
an individual, providing insights into the specific risk drivers that in-
fluence that person's health outcome.



G.V. Benito et al.

10 = 10 Cluster 3
Al.l - Al.2 ... @
4;“ [ —
P B Cluster 2
8 %9 08 S (10.1%)
g g Cluster §
- = = ister
6} aa s ]\. 06§ (13.9%) "w"
L § , fj ¥ S 0498
> v 1 o A0z | Chustor 1
a5 6 . ”2 04 g ™ 19.3%)
e ¢ >
- 8 @ Cluster § .
2 Y : (10.7%)
[ 02
“‘.1 : Cluster 8
Y . @22%)
0 == 00 Cluster7 —————
-5 0 5 10 15 L Cluster 8
X (5.3%)
Al.3
0.64
o0 o ” 03 0s 0s s or ae o1

3 S S G S €

Artificial Intelligence In Medicine 157 (2024) 102991

Risk factors

HEALTH_STATUS = bad or regular
DUKE_IDX >= 18

PHYSACT_CHANGES = much less or less
CHR_DEP = yes

N_SYMP_CUR >=2

CONFIN_BUY = yes
CONFIN_CONFLICTS = yes

Patient in cluster 3

CONFIN CONFLICTS = Yaa

DUKE DX - 300

FHYSACT CHANGES = A lttle more

1.0 Cluster 4 Cluster 3
81-1 - - Bl.z (1.0%) (10.6%)
10 & e,
| R3 s o Risk factors
v, W 08 prsrh H6.0%) HEALTH_STATUS = bad o regular
8 A DUKE_IDX >= 18
- 2 =
J"‘.‘ £ o mm CHR DEP =yes
| i
3 - 170 ;% g° 06 Y e wes CONFIN_BUY = yas
3 ) \ i 2 . ' 2 |
> : ~ 1¢° - i £ Clustor 6 = |Clustor 1 EER N_SYMP_CUR>=1
A \ { g0 )\ o0 > @.7%) ( (10.4%) mmm CONFIN_RULES >=4
ol :l'wv's' 7 ' “& i =4 045 \ I SLEEP_CHANGES = Iess hours
Ty t \ ‘ H
\ i ‘fé‘ ' 1% gl i
v ' e i 10, 02 Cluster 7 Cluster 10
2 YA ' ‘::.9 (3.7%) (5.5%)
Vg‘ \ / N )
o L ox=2- 0.0 Cluster 8 Clustar 8
=5 0 5 0 15 (10.4%) 7.2%)
x
ngher *  fower
a ?
B1.3 o
as 0 . as as % = as
DD D S R T Teeee—) (68 Patient in cluster 8
AGE =470 SLEE® CHANGES = 095 hours HEALTS STATUS = Reguiar DUKE 10X = 280
- 10
~ Cluster 4 Cluster 3
Cln 1 1 6 C1'2 (6.4%) {101%)
10 || -0?' R 08 it B ; \ - 5 Risk factors
4 s 75 N DUKE_IDX >= 16
i 55 Tt g : SLEEP_CHANGES = less hours
»w vl;} e A s CONFIN_BUY = yes
£ 3 | ‘ e 08 ws= CHR_DEP = yes
> 6 j .10 < w— 02 ] | tustr 1 HEALTH_STATUS = bad or regular
5.8%) | (10.9%)] i eN =
i A 4 7 0_‘§ { l‘ ( ) GEN = femsle
v . 3 'I
2 \ Qi‘t 5
) 3 ) 6 - Cluster 7" Cluster 10
4 v/ (1.6%) (5.0%)
0 @
00 S
Cluster 8 Cluster 8
0 5 1o 15 (20.7%) 3:2%)
- wher 2 lowe
C1.3 )
0 o as 0s

ne or

GEN = lomae SLEER CHANGES - 665 rows

DUKE 10X = 339

Patient in cluster 3

HEALTH STATUE = vy geod

Fig. 4. Risk profiles and risk factors. Panel A1.1 shows 2-dimensional UMAP embeddings for depression. Each point represents a participant with severe depression
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this article.)
4. Discussion

The COVID-19 pandemic triggered a surge in mental health crises,
underscoring the urgent need for tools to manage preparedness and
optimize mental health resources [44]. In this work, we capitalize on a
unique dataset of 9200 individuals to train and validate an Al algorithm

for individualized risk assessment of adverse mental health outcomes,
including anxiety, depression, and self-perceived stress. Additionally,
our use of explainable AI (XAI) with SHAP allows us to identify the main
informative factors for these outcomes. Finally, we utilize UMAP to
visualize the SHAP values and stratify the population into highly
vulnerable population subgroups, enabling the design of targeted
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interventions for those individuals with similar needs.

We developed three classification models to assess depression, anx-
iety, and self-perceived stress, categorizing individuals into three risk
levels: healthy, mild, and severe. The most effective classifiers utilized an
XGBoost engine with hyperparameter tuning, similar to other recent
works in the field (e.g. [45]). All three models demonstrated strong
performance, with AUROC_ovo scores of 0.78 for depression, 0.72 for
anxiety, and 0.74 for self-perceived stress. These results align with
published classifiers for mental health. For example, models for the
open-access ADHD-200 dataset reported AUROCs ranging from 0.70 to
0.90 [46]. However, in our case, we use a three-class classifier and the
metrics reported include precision, recall, F1-Score and the AUROC_ovr
and AUROC _ovo which provide a comprehensive insight into the clas-
sifier's ability to distinguish between different risk levels.

Notably, our classifier excels at identifying the severe and healthy
categories for all mental health outcomes, as indicated by the AURO-
C_ovr scores. The severe category performed exceptionally well, with
AUROC_ovr values of 0.861 (+0.012) for depression, 0.821 (+0.011) for
anxiety, and 0.823 (£0.013) for self-perceived stress. Similarly, the
healthy category also showed strong performance, with AUROC_ovr
values of 0.802 (£0.011) for depression, 0.777 (£0.014) for anxiety,
and 0.783 (+0.011) for self-perceived stress. However, the models
struggled most with predicting the mild category, which experienced the
highest rate of misclassifications. This may be due to the mild class being
less distinctly characterized by the cognitive and stress tests used as the
gold standard. Additionally, the ambiguity in determining mild cases
using the HADS scale could contribute to these results.

The most clinically relevant aspect is the prediction of the population
at risk, which includes the combination of mild and severe classes. In
binary classification (healthy vs at risk), our models demonstrated very
high precision and recall for this combined group across all outcomes
(precision >0.70, recall >0.75). High recall reflects the model's effec-
tiveness in identifying all individuals at risk of a specific health outcome,
thus minimizing the number of false negatives. High recall is crucial for
a screening method like the one proposed here, indicating its potential
value as a clinical tool. Given the imbalanced nature of our dataset, it is
also noteworthy that the binary models achieved high F1-Scores for all
outcomes (F1-Score >0.72), consistent with those reported in the liter-
ature for mental health applications(e.g. Ref [47]). While these results
are very promising, further work is required to evaluate the technical
feasibility and clinical utility of implementing these models in real-
world scenarios.

Recent studies incorporate SHAP (SHapley Additive exPlanations)
values into machine learning models to illustrate how feature values
impact predictive risk scores and ascertain the directionality of specific
features, consequently pinpointing SHAP-based risk factors [48-51]. In
our work, utilizing SHAP has provided valuable insights into the sig-
nificance of individual features in predicting mental health outcomes.
The clarity offered by SHAP values has enhanced our understanding of
the influence and direction of these features on predictions. SHAP values
have enabled us to identify and understand the importance of different
features, even those not traditionally considered risk factors, in pre-
dicting susceptibility to depression, anxiety, or stress. This includes
identifying feature values that can be interpreted as potential risk
drivers, which align with previously reported studies. Implementing
SHAP values promotes transparency in model predictions and helps
identify potential biases, making it a good practice in biomedical ap-
plications, especially in mental health. This approach ensures respon-
sible Al usage by providing clear explanations for predictions.

In our work, SHAP has identified 16 important features as drivers of
mental health disorders (Fig. 3), aligning well with what is reported in
the literature. It is well established that the association between social
support and mental health conditions [52] exist and some studies have
proved that social support plays a positive role in predicting individuals'
mental health during the COVID-19 pandemic [53-55]. Loneliness has
also been associated with worse mental health during the pandemic
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[55-571, suggesting that those experiencing loneliness may feel de-
tached from sources of support. Consistent with previous studies, we
found that a high Duke index, i.e. poor social support, was one of the
most predictive and highest-risk factors across mental health conditions.
In addition, having a poor or regular self-reported health status and a
chronic mental health condition were among the highest-risk factors for
a severe mental outcome during the pandemic. Having a pre-existing
physical and psychiatric condition have been associated with
increased prevalence of mental health symptoms during epidemic out-
breaks, including COVID-19 [57,58]. Moreover, people with chronic
medical and mental illness or disability have been found to be at
particular risk in disasters showing an increased vulnerability [59].
Interestingly, our findings suggest two population profiles to be highly
vulnerable for the development of a severe post-pandemic depression
and anxiety: 1) people having both a poor or regular self-reported health
status and a chronic mental health condition; and 2) people having both
a poor or regular self-reported health status and poor social support.

The observation that depression and anxiety share many risk factors
has been previously reported [60]. Despite being categorized as two
separate classes of disorders, they often occur comorbidly and share
many common symptoms [61]. Individuals having both a poor or reg-
ular self-reported health status and poor social support were also found
to constitute a highly vulnerable subpopulation for self-perceived stress.
Similarly, comorbidities between self-perceived stress and other mental
health conditions have also been previously reported particularly in the
context of the COVID-19 pandemic [62,63].

Post-pandemic decreased physical activity and reduced sleep hours
were identified as highly prevalent risk factors for depression and self-
perceived stress, respectively. Our findings are aligned with previous
work showing that increased physical exercise is associated with better
mental health [64], including during the COVID-19 pandemic [57,65].
Additionally, both decreased sleep duration and quality can adversely
impact mental health [66,67]. Previous studies have shown that COVID-
19 had a negative impact on sleep disorders [68], and that the sleep
quality decreased during COVID-19 outbreak [69,70]. Notably, people
with poorer sleep quality might perceive themselves as sleeping fewer
hours, even if the actual time spent in bed remained the same. Similarly,
experiencing anxiety about finding products to buy during the
confinement was also found to be a highly prevalent risk factor for
anxiety. During the COVID-19 pandemic, anxiety and fear related to
panic buying behaviors were particularly seen across the world [71,72].
Conversely, it was also demonstrated that anxiety and stress served as
panic buying predictors [73].

The identification of female gender as a highly prevalent risk factor
for self-perceived stress aligns with prior research findings, indicating
that women were more susceptible to mental health adversities during
the COVID-19 pandemic [74,75]. This finding is also consistent with
results from previous research which concluded that women exhibited
an inherently increased psychological vulnerability during natural di-
sasters and the COVID-19 pandemic [76,77]. Interestingly, we found
that women showed sleep hours were reduced, and those that experi-
enced anxiety about finding products to buy or had poor social support
were among the highest-risk profiles for experiencing severe self-
perceived stress following the COVID-19 pandemic.

Consistently with previous studies [78,79], we also found that hav-
ing conflicts with other family members during confinement represented
a risk factor for depression. Interestingly, we also found that experi-
encing difficulty maintaining rules during the confinement was a risk
factor for anxiety, suggesting that prolonged restrictions and guidelines
could have a negative impact on mental well-being, contributing to
increased burnout across the population. Finally, having post-pandemic
COVID-19 symptoms emerged as a risk factor for depression and anxi-
ety. Specifically, for depression, having more than two symptoms was
associated with increased risk, whereas for anxiety, the condition was
relaxed to having at least one symptom. Our findings might be related
with previous results showing that people with long COVID experienced
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a range of factors that negatively affect their mental health and well-
being [80,81].

This multidisciplinary approach paves the way for more precise and
effective mental health interventions. Al can assist both clinicians and
patients in recognizing the need for clinical help through concise self-
assessments. Our findings demonstrate that a shorter questionnaire,
consisting of approximately 20 questions, is sufficient to maintain pre-
dictive power. This is consistent with previous studies that have high-
lighted the effectiveness of abbreviated questionnaires when combined
with machine learning techniques [14,82]. However, our study is
unique in that it not only identifies key risk factors but also stratifies the
population into distinct risk phenotypes, offering a more detailed un-
derstanding of mental health needs.

Our study introduces a novel approach by combining SHAP with
UMAP, an advanced technique for dimensionality reduction. By
applying hierarchical clustering on SHAP local explanations within two-
dimensional UMAP embeddings, we achieve a meaningful stratification
of the at-risk population, revealing distinct subgroups with shared risk
factors. These findings have significant potential for designing targeted
interventions tailored to specific subgroups within the population. For
instance, implementing personalized measures aimed at increasing sleep
hours among women experiencing post-pandemic self-perceived stress
could lead to notable improvements in mental health [90]. Similarly,
targeted interventions focused on enhancing social activity and support,
especially among vulnerable populations with prior health issues, could
effectively alleviate the burden of mental health outcomes.

Our study has several limitations and our results need to be taken
with caution at the time of implementing these tools in real-world sce-
narios. Firstly, data limitations involve those derived from the COVICAT
cohort, which includes an overrepresentation of individuals aged 45 and
above. Consequently, our data do not cover younger people, who are a
particularly vulnerable group and showed a significant increase in the
prevalence of depression and anxiety after the initial outbreak [83,89].
In addition, our data shows an overrepresentation of people with a
college degree or higher. Many studies document the positive associa-
tion between more schooling and higher income, better health, and
longer life [91]. Better educated people may have had better resources
to deal with the challenges posed by the pandemic. Moreover, the
COVICAT cohort consists of residents from Catalonia, a particular region
of Spain. The local aspects and cultural characteristics of this area may
introduce additional biases into the model. Cultural factors, regional
healthcare practices, and local economic conditions can significantly
influence mental health outcomes and the effectiveness of interventions.
As such, the insights and predictions generated by our model may not
fully generalize to populations outside the specific region where the
model was trained.

Secondly, while the technical approach is robust and can be easily
scaled to include data from a larger population, this model has only been
cross-validated within this specific cohort. To be effectively deployed in
clinical practice, the model needs to be retrained with more diverse data
and tested in other independent cohorts to further validate its general-
izability across different populations. This includes incorporating data
from various age groups, educational backgrounds, and geographic lo-
cations to mitigate potential biases. By expanding the dataset to
encompass a broader range of demographic and cultural backgrounds,
the model's accuracy and applicability across different settings can be
significantly improved, reducing the impact of cohort-specific biases.

Thirdly, our study focused solely on identifying predictive risk fac-
tors and did not analyze protective risk factors, although a similar study
could be conducted. Additionally, the list of identified risk factors
should not be interpreted as an exhaustive compilation of all potential
risk factors for adverse mental health conditions in the aftermath of the
pandemic. Similarly, the identified risk profiles should not be regarded
as comprehensive population stratifications but rather as meaningful
subsets highlighting the most predictable and significant risk profiles.
Moreover, it is important to note that while SHAP values can reveal
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associations learned from the data, they do not necessarily guarantee or
reflect causal relationships. Finally, although we achieved high classi-
fication performance for both the healthy and severe categories, the mild
category exhibited low performance, reflecting the difficulty of accu-
rately classifying patients with mild mental health conditions, and
raising questions about the feasibility of accurately diagnosing mild
mental health outcomes.

Finally, in this study, although we do not have longitudinal data to
directly measure the impact of the pandemic on all the lifestyle and
demographic factors considered, we addressed this by including ques-
tions on perceived changes in areas such as buying habits, employment,
physical exercise, health, sleep, nutrition,and several living conditions
compared to the pre-COVID period considered as baseline. These per-
ceptions provide indirect insights into how individuals feel their lives
have been affected by the pandemic. While not a direct measure of
change, this approach offers valuable context and helps us understand
the broader impacts of the pandemic on mental health.

Despite the promising potential of Al in mental health, caution is
warranted regarding its implementation. The technology presents
challenges related to data safety and security, patient autonomy, data
biases, ethical issues, language barriers, and the lack of accountability
when errors occur, which may go unnoticed despite efforts in explain-
ability and transparency [84-86]. Therefore, these tools should be used
as complementary decision-support systems with a “human-in-the-loop”
approach, that is, ensuring they are supervised and managed by trained
practitioners to maintain responsible use and oversight [87,88]. With
these regulatory measures in place, Al can significantly enhance mental
health care by improving access and efficiency for a broader range of the
population.

5. Conclusion

We developed a personalized risk assessment algorithm, utilizing a
comprehensive questionnaire and clinical history data, aimed at
reducing the misdiagnosis of mental health conditions in the aftermath
of the COVID-19 pandemic. By identifying key risk drivers, we demon-
strate that accurate prediction of mental health conditions can be ach-
ieved with a reduced questionnaire. Moreover, our novel combination of
SHAP and UMAP visualization techniques provides a deeper under-
standing and interpretation of the model's predictions, enabling the
identification of vulnerable population subgroups and their associated
risk factors. We anticipate that our work and the personalized risk
assessment and stratification tools developed will help set priorities for
public health policies and facilitate the implementation of effective,
targeted healthcare interventions tailored to specific subgroups within
the population, particularly in preparation for future pandemic
outbreaks.
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