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Abstract

Mental health disorders constitute a major global public health concern, affecting
millions of individuals across diverse socioeconomic and cultural contexts.
Accurate prediction of mental health outcomes at the population level remains
challenging due to the complex and non-linear relationships among co-occurring
disorders. Previous studies relying on traditional statistical approaches, particularly
linear regression, have reported limited predictive performance, with an R? of
approximately 0.7175. This limitation highlights the need for more advanced
analytical frameworks capable of capturing comorbidity patterns and non-linear
interactions among mental health conditions. This study proposes and evaluates a
novel multi-modal ensemble machine learning framework to improve the prediction
accuracy of eating disorder prevalence using global mental health data. The analysis
utilizes country-level prevalence data for schizophrenia, depression, anxiety, bipolar
disorder, and eating disorders across multiple countries and years. Eating disorder
prevalence is modeled as the primary target variable, while other mental health
disorders are incorporated as predictive features to represent clinically established
comorbidity relationships. To enhance the representational capacity of the data, an
extensive feature engineering strategy was applied, generating 19 additional
features through polynomial transformations, interaction terms, ratio-based
indicators, and aggregate burden measures. Unsupervised clustering techniques,
including K-Means, DBSCAN, and hierarchical clustering, were employed to identify
natural groupings of countries based on their mental health profiles. Furthermore,
ten machine learning algorithms were systematically evaluated, including linear
models, tree-based methods, neural networks, and support vector regression. The
best-performing models were subsequently integrated into a stacking ensemble
architecture. Experimental results demonstrate that the proposed stacking ensemble
achieved a test R? score of 0.9955, corresponding to a 42.2% improvement over the
baseline linear regression model. These results indicate that multi-modal ensemble
approaches substantially enhance predictive accuracy and provide valuable insights
to support evidence-based global mental health policy and targeted intervention
planning.

l. Introduction
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Mental health disorders constitute one of the leading
causes of disability worldwide, affecting approximately 1
in 4 people during their lifetime (WHO, 2022). The global
burden of mental illness includes major depressive
disorder, anxiety  disorders, bipolar  disorder,
schizophrenia, and eating disorders, each presenting
unique challenges for diagnosis, treatment, and
prevention [1]. Understanding the patterns and
prevalence of these disorders across different populations
is crucial for effective healthcare planning and resource
allocation [2]. Traditional epidemiological studies
have employed simple statistical methods, primarily
linear regression, to model the prevalence of mental
health disorders [3]. While these approaches provide

baseline insights, they often fail to capture the
complex, non-linear relationships between different
mental health conditions and their comorbidities [4].
Recent work has achieved an explained variance of
R? = 0.7175 (71.75%) using linear regression models,
indicating substantial room for improvement through more
sophisticated machine learning techniques capable of
capturing non-linear relationships and disorder
comorbidities [4]. Machine Learning in Mental Health:
Recent studies have begun exploring machine learning
applications in mental health research. Random forests
and gradient boosting have shown promise in predicting
depression outcomes [5], while neural networks have
been applied to suicide risk assessment [6]. However,
comprehensive comparative studies evaluating multiple
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algorithms on global mental health data remain limited [7].
Although multiple mental health disorders are examined
in this study, the predictive task specifically focuses on
eating disorder prevalence. Schizophrenia, depression,
anxiety, and bipolar disorder are incorporated as predictor
variables to capture clinically established comorbidity
patterns at the population level. This framing allows the
proposed model to target a well-defined epidemiological
outcome while leveraging the broader mental health
landscape as explanatory context.

Ensemble Methods: Ensemble learning, which
combines multiple models to achieve superior
performance, has demonstrated success in various
healthcare applications [8], [9]. Stacking ensembles,
which combine base model predictions with a meta-
learner, have achieved state-of-the-art results in disease
prediction tasks [10]. Clustering in Mental Health:
Unsupervised learning techniques have identified mental
health subtypes and patient phenotypes [11]. However,
their application to country-level global mental health
patterns remains underexplored [12]. Despite growing
interest in applying machine learning to mental health
research, several key gaps remain. Most existing studies
employ a limited range of algorithms, often relying on a
single model rather than conducting comprehensive
comparative analyses [13]. Feature engineering is also
underdeveloped, with complex interactions between
mental health disorders rarely modeled explicitly.
Additionally, ensemble methods, which have the potential
to substantially enhance predictive performance, are
seldom utilized [14]. Clustering analysis is another
overlooked area, leaving natural groupings within
populations based on mental health patterns largely
unexplored [15]. As a result of these limitations, current
predictive models generally achieve low accuracy,
explaining less than 75% of the variance in mental health
outcomes.

Previous studies on global mental health prediction
have predominantly relied on single machine learning
models with limited feature engineering, resulting in
suboptimal predictive performance and insufficient
modeling of disorder comorbidities. Moreover, country-
level mental health patterns have rarely been explored
using unsupervised learning approaches. Therefore, to
address these limitations, this study proposes a
comprehensive multimodal machine learning framework
for predicting global mental health disorders. The
contributions of this study are: (1) the development of
advanced feature engineering techniques to explicitly
capture disorder interactions and non-linear relationships
in global mental health data; (2) the identification of
natural country-level clusters based on mental health
disorder profiles using unsupervised clustering methods;
(3) a systematic comparative evaluation of more than ten
machine learning algorithms for mental health disorder
prediction; and (4) the design of a stacking ensemble
model that integrates the best-performing algorithms to
improve predictive accuracy and robustness. The overall
research workflow and methodology employed in this
study are illustrated in Fig. 1.

This paper is structured as follows: Section Il describes

the datasets used, the data preprocessing steps, the
feature engineering procedures, the clustering analysis,
and the machine learning models employed in this study.
Section Il presents the experimental results, including
clustering outcomes, model performance comparisons,
and feature importance analysis. Section IV discusses the
interpretation of results, comparisons with related studies,
practical implications, and study limitations. Finally,
Section V concludes the paper by summarizing the main
findings and outlining directions for future research.
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Fig. 1. Overall workflow of the proposed multi-
modal ensemble framework, illustrating data
preprocessing, feature engineering, clustering
analysis, and predictive modeling stages.

Il. Materials and Method
A. Data Sources

Datasets: we utilized four complementary datasets from
the Global Burden of Disease Study to ensure
comprehensive coverage and robust analysis [16]. The
Mental llinesses Prevalence Dataset (n = 6,420)

includes variables such as schizophrenia, depression,
anxiety, bipolar disorder, and eating disorders, covering
more than 195 countries and territories from 1990 to 2019.
All values are standardized by age and sex, resulting in a
dataset of 6,420 rows and 8 columns. It includes Entity
(country/territory name), Code (ISO 3-letter code), and
Year. The remaining columns represent age-standardized
prevalence (%) of major mental health disorders:
Schizophrenia (distortions in thinking and perception),
Depression (persistent sadness and loss of interest),
Anxiety (excessive fear or worry), Bipolar (manic and
depressive episodes), and Eating disorders (abnormal
eating behaviors; used as the target variable). All datasets
were sourced from publicly available repositories and
were pre-processed to ensure consistency and
compatibility across analyses. As shown in Table 1, the
dataset summary statistics for each variable are provided,
including the mean, standard deviation, minimum,
maximum, skewness, and kurtosis. Ethical
Considerations: This study utilized only aggregated,
de-identified, publicly available data. No individual-
level data or personally identifiable information was
used. Ethical approval was not required under the
institution's guidelines for secondary data analysis.

Table 1. Dataset summary statistics describing the
prevalence of mental health disorders across
countries and observation years.

Std
Variable Mean Dev Min Kurtosis
Schizophrenia 0.2666 0.0394 0.1884 2.1526
Depression 3.7670 0.9253 1.5223 0.5884
Anxiety 41018 1.0505 1.8800 1.5357
Bipolar 0.6370 0.2334 0.1817 0.3153
Eating 0.1957 0.1384 0.0448 4.0831

B. Data Preprocessing

Variable Renaming: original GBD variable names were
standardized for readability (e.g., “Schizophrenia
disorders (share of population)” — “Schizophrenia”). The
same transformation was applied to all disorder variables.

Missing Data: missing values were imputed using mean
imputation for continuous variables. Sensitivity checks
showed negligible impact on model performance.

Outlier Handling: Outliers were detected using the IQR
method. Extreme values (>3 IQR), mostly from small
island nations, were retained as valid observations to
preserve population heterogeneity [17], [18].

C. Feature Engineering

To capture non-linear relationships and comorbidity
effects among mental health disorders, four categories of
engineered features were constructed. Polynomial
features were generated by squaring each disorder
variable (e.g., Bipolar?, Depression?) to model potential
non-linear risk escalation. Interaction features (e.g.,
Bipolar x Anxiety, Schizophrenia x Depression) were
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Fig. 2. Correlation heatmap showing relationships among mental health disorder prevalence
variables in the dataset.

created to explicitly represent disorder comorbidity
patterns documented in clinical literature. Ratio features
(e.g., Bipolar/Schizophrenia, Anxiety/Depression) were
included to reflect relative disorder dominance within
countries, while aggregate indicators such as
Total_Burden, Mean_Disorder, and Std_Disorder
summarized systemic mental health load. Logarithmic
transformations were applied to skewed variables to
stabilize variance. In total, 19 engineered features were
generated, substantially enriching the original feature
space and enabling the model to capture complex
epidemiological interactions. [19].

Formally, let X = {x{,x,,x3,x,} denote the original
feature vector representing the age-standardized
prevalence of schizophrenia, depression, anxiety, and
bipolar disorder, respectively. Polynomial features are
defined as x® i=1,..,4 to model non-linear

— 42
i =X

relationships. Interaction features capturing disorder
comorbidity are expressed as x;; = x; X x; where i # j.

Ratio-based features are computed as 7;; = — with e
J

representing a small constant to prevent division by zero.
The overall burden of mental health disorders is quantified
using the Total_Burden, defined in Eq. (1) [20] as the sum
of all disorder prevalence values:

Total_Burden = Y7, x; (1)
The average prevalence across disorders is calculated
using Mean_Disorder, as shown in Eq. (2) [20]:

Mean_Disorder = %ZLI X (2)

Finally, variability among disorders is captured using
Std_Disorder, defined in Eq. (3) [20]:

Std_Disorder = Ezg’ﬂ(xi —X)2

@)
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Table 2. Cluster profiles summarizing average mental health disorder prevalence for each identified country
cluster.
Size Schizophrenia Depression Anxiety Bipolar Eating Description
0 1582 0.274 3.582 4.373 0.855 0.243 Moderate-anxiety profile
1 1635 0.215 4.744 3.595 0.574 0.103 High-depression profile
2 2205 0.285 3.095 3.490 0.405 0.123 Low-burden profile
3 180 0.391 4.429 6.115 0.891 0.510 High-burden profile
4 818 0.278 3.840 5.798 0911 0.415 High-anxiety profile
All  features were standardized using z-score  as:
normalization [21]. Clustering was conducted using K- = xg + p (4)

Means [22], DBSCAN (¢ = 0.5, min_samples = 5), and
agglomerative hierarchical clustering (Ward linkage, 5
clusters) [23]. Dimensionality reduction using PCA (2
components) and t-SNE enabled visualization and noise
reduction [24]. The optimal number of clusters for K-
Means was determined using a combination of the
silhouette score, Davies—Bouldin index, and Calinski—
Harabasz index, with k = 5 providing the best overall
balance across all metrics. For DBSCAN, parameters
were set to ¢ = 0.5 and min_samples = 5 based on
sensitivity testing and common practice, while
agglomerative hierarchical clustering employed Ward
linkage to minimize within-cluster variance.

D. Machine Learning Models

The dataset was split into 80% training and 20% testing
[25] (random seed = 42). StandardScaler was fit on the
training set and applied to the test set to avoid data
leakage [26], [27]. Ten models were evaluated, including
linear models (Linear, Ridge, Lasso, ElasticNet), tree-
based models (Random Forest, Gradient Boosting,
XGBoost, LightGBM), SVR, and a neural network (MLP
with ReLU and Adam optimizer). A two-layer stacking
ensemble architecture was implemented. Random
Forest, Gradient Boosting, Support Vector Regression,
and a Multilayer Perceptron were selected as base
learners based on superior individual performance and
complementary error patterns. Ridge Regression was
employed as the meta-learner due to its regularization
capability and stability. Five-fold cross-validation
generated out-of-fold predictions for meta-model training,
ensuring robust ensemble learning and minimizing
overfitting. More details are shown in Fig. 1.

1. Linear Regression

Linear regression is a fundamental statistical learning
method that models the relationship between input
features and a continuous target variable through a linear
combination of predictors. It assumes that the expected
value of the dependent variable is a linear function of the
independent variables. The model estimates coefficients
that minimize the residual sum of squares between
observed and predicted values. This approach is widely
used for its interpretability and computational efficiency,
making it a suitable baseline model for regression
problems. However, its performance may degrade when
multicollinearity or nonlinearity exists among predictors.
The linear regression model is expressed in Eq. (4) [28]

v, is the predicted output for the i—th sample,x; =
[xil,xiz,...,xip]Tis the input feature vector of the i-th

sample, B = [By, B2 ..., Bp]Tis the vector of regression
coefficients, b is the bias (intercept) term, 7is the number
of input features. To estimate the optimal parameters, the
model minimizes the least-squares objective function
shown in Eq. (5) [28]:

min -1y = (X6 + b1)13 (5)

where y; is the true target value of the i-th sample, n is the

total number of training samples. When the design matrix
X has full column rank, the regression coefficients can be
obtained analytically using the closed-form solution given
in Eq. (6) [28]:

p=&"X)"X"y (6)

2. Ridge (L2 regularization)

Ridge extends linear regression by incorporating L2
regularization to address multicollinearity and overfitting.

The regularization term penalizes large coefficients,

encouraging smoother, more stable models. Ridge
Regression is particularly effective when predictors are
highly correlated, as it distributes coefficient weights more
evenly. Although it does not perform feature selection, the
method improves generalization performance and
robustness, making it suitable for high-dimensional
regression problems where all predictors contribute to the
response variable. The Ridge objective function is defined
in Eq. (7) [28] as:

min |y = (XB + bD)I5 + 21613 7)
When expressed in matrix form, the closed-form solution

of Ridge regression is given in Eq. (8) [28]:

B =X"X+2nAD"'X"Ty (8)
A= 0 is the regularization parameter controlling the
strength of the penalty, |B|5 = X7_, B} is the L2 norm of

the coefficient vector. Effect: shrinks coefficients
smoothly; good for multicollinearity [29].

3. Lasso (L1 regularization)
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Lasso introduces L1 regularization, which promotes
sparsity in the model coefficients. By forcing some
coefficients to zero exactly, Lasso effectively performs
feature selection, resulting in simpler, more interpretable
models. This property is advantageous when dealing with
datasets containing many irrelevant or redundant
features. However, Lasso may become unstable when
predictors are highly correlated, as it tends to select only
one variable from a group of correlated features. The
Lasso objective function is defined in Eq. (9) [28] as:

min

ni —ly— (XB+bD3+ Bl (9)

where: |B|; = X7_,|B,| is the L1 norm, other variables are

defined as in Equation (2). No simple closed form; typical
solvers: coordinate descent. Effect: many coefficients
become exactly O (feature selection) [29].

4. Elastic Net (L1 + L2)

Elastic Net combines L1 and L2 regularization to leverage
the strengths of both Lasso and Ridge regression. This
hybrid approach enables feature selection while
maintaining stability in the presence of correlated
predictors. Elastic Net is particularly useful for high-
dimensional datasets with groups of correlated features.
By balancing sparsity and coefficient shrinkage, the

method produces models that are both interpretable and
robust, often achieving better predictive performance than
Lasso or Ridge alone. The Elastic Net objective function
is defined in Eq. (10) [28] as:

nin Sy — (X6 + b0+ 2 (alBli + 5E1E)  (10)

a =1 > Lasso; « = 0 = Ridge. Where: o€ [0,1]
controls the balance between L1 and L2 regularization,
a = 0 corresponds to Lasso, and a« = 0 corresponds to
Ridge Helps when features are correlated (grouping
effect) [30].

5. Decision Tree (Regression)
A tree partitions the input space into regions R,, and

min

predicts a constant in each region. Formally, the
regression tree model is expressed in Eq. (11) [31] as:
f() = Zh=16m1(x € Ry) (11)

M is the number of leaf nodes, R,,is the m — th region of
the feature space, c,, is the predicted value associated
with region R,,, I(-) is the indicator function, equal to 1 if
the condition is true and 0 otherwise. Training chooses
splits to reduce impurity; for regression often minimizes
SSE, defined in Eq. (12) [31] as:

Ton=1Zxier, Vi — cm)? (12)
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6. Random Forest (bagging of trees)

Random Forest is an ensemble learning method that
constructs multiple decision trees using bootstrap
sampling and random feature selection. Each tree
operates independently, and final predictions are
obtained by averaging the outputs of all trees. This
strategy significantly reduces variance and improves
generalization performance. Random Forest is capable of
modeling complex nonlinear relationships and feature
interactions without requiring extensive parameter tuning.
Its robustness to noise and overfitting makes it widely
used in real-world regression and classification tasks.
Build T trees on bootstrap samples; at each split, choose
among a random subset of features, the Random Forest
prediction is expressed in Eq. (13) [32] as:

P(x) = 230 f (%) (13)

where: T is the number of decision trees, f;(x)is the
prediction from the t—th tree, Key idea: variance
reduction via averaging decorrelated trees [33].

7. Gradient Boosting (additive model of trees)

Gradient Boosting is an ensemble technique that builds
models sequentially, where each subsequent model
corrects errors from previous models. The method
optimizes a loss function by fitting weak learners, typically
decision trees, to the residuals of the model. Through
iterative refinement, Gradient Boosting produces highly
accurate predictive models. However, it is sensitive to
hyperparameter settings and may overfit if not properly
regularized, requiring careful tuning of learning rate and
tree depth. The additive ensemble model after m boosting
iterations is expressed in Eq. (14) [32] as:

Fy (%) = Y= Vfin (%) (14)
where: Fy,(x)is the ensemble model after m boosting
iterations, f,,(x) is the weak learner trained at iteration m
v € (0,1] is the learning rate, where f,, are weak learners
(often small trees), v is the learning rate. In Eq. (15) [32],
the negative gradient of the loss function at iteration m is
computed for each training sample:

Tim = Yi = Fmn-1(x;) (15)
Fit f,, to "im then update. The ensemble is then updated
according to Eq. (16) [32]:

En(x) = Fppoq (%) + me(x)
8. XGBoost (regularized gradient boosting)

XGBoost is an optimized implementation of Gradient
Boosting that enhances model performance through
regularization and efficient computation. It incorporates
second-order optimization, tree pruning, and parallel
processing to improve accuracy and training speed.
XGBoost includes mechanisms to control model
complexity, reducing the risk of overfitting. Due to its
scalability and strong predictive capability, XGBoost is
widely adopted in large-scale machine learning
applications and competitive data science environments.
Uses the second-order approximation of loss and
regularizes tree complexity. The regularized objective
function of XGBoost in Eq. (17) [32]:

J =303 + Thy (), Q(F) = T+ w2

(16)

(17)

With T = #leaves, w = leaf scores. where: 1(y;,%,) is
the loss function (e.g., squared error), K is the number of
trees, Q(fi)is the regularization term of the k — th tree,
T is the number of leaves in the tree, w; is the weight of
the j — th leaf, y and A are regularization parameters. At
boosting step ¢, define gradients and Hessians as in Eq.

(18) [32]:
2
i:%, i:j_;; (18)

and choose splits/leaves to maximize regularized gain
(computed from sums of g;, h; per node) [32].

9. LightGBM (efficient gradient boosting)

LightGBM is a gradient boosting framework designed for
high efficiency and scalability. Unlike traditional level-wise
tree growth, LightGBM employs a leaf-wise growth
strategy that focuses on minimizing loss, resulting in
faster convergence. It also utilizes histogram-based
splitting to reduce memory usage and computational cost.
While LightGBM can achieve high accuracy on large
datasets, its aggressive tree growth may lead to overfitting
if model complexity is not properly constrained. Same
boosting principle, but uses:

10.Leaf-wise (best-first) growth rather than level-wise
(can reduce loss faster but may overfit without
constraints).

Mathematically, LightGBM still optimizes the same
additive regularized objective as XGBoost, shown in Eq.
(19) [32]:

En(x) = Fpoq (%) + Vim(x) (19)
with a regularized tree learner, but with a different search
strategy/engineering [34].

11.Support Vector Regression (SVR)

Support Vector Regression extends support vector
machines to regression problems by introducing an ¢-
insensitive loss function. The model seeks to find a
regression function that deviates from actual targets by no
more than a specified margin while maintaining model
simplicity. SVR is effective in handling high-dimensional
data and nonlinear relationships through kernel functions.
However, its performance depends heavily on kernel
selection and parameter tuning, which can be
computationally expensive for large datasets. The linear
SVR prediction function is expressed in Eq. (20) [35]:
f)=wlx+b (20)
where: w is the weight vector b is the bias term. Uses ¢
insensitive loss, as shown in Eq. (21) [35]:

le(y, f(x)) = max(0, |y — f(x)| —¢) (1)
where: C > Ojs the penalty parameter, €is the width of
the insensitive loss region. The corresponding primal

optimization problem is formulated in Eq. (22) [35]:

Jmin 2 |wl3 + R+ §) (22)
subject to the constraints in Eq. (23) [35]:

yi—Wix;+b) <e+¥

Wwix;+b)—y; <e+¥ (23)
To handle nonlinear relationships, SVR replaces dot
products with a kernel function K (x;, x;) , yielding the dual

formulation in Eq. (24) [35]:
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f(x) =3k (o — oK (x;, %) + b (24)

Only some points become support vectors [36].
12.Neural network: MLP with ReLU + Adam

A Multilayer Perceptron is a feed-forward neural network
consisting of multiple layers of interconnected neurons. It
learns complex nonlinear relationships by adjusting
weights through backpropagation. Activation functions
such as RelLU enable efficient gradient flow, while
optimizers like Adam improve convergence speed and
stability. MLPs are highly flexible and powerful but require
careful architecture design and sufficient training data to
avoid overfitting and ensure reliable generalization. MLP
(1 hidden layer; extendable). The forward pass is
expressed in Eq. (25) [37]:

21 = Wlx + bl
a; = ReLU(z;) = max(0, z,)
y =Wya, + b, (25)

where: W, W,are weight matrices, b,b, are bias term, z,is
the pre-activation vector, a; is the hidden-layer, activation
output. For regression tasks, the Mean Squared Error
(MSE) is used, as shown in Eq. (26) [37]:

L=—Y (i — 9 (26)
Training uses backprop to compute gradients VoL for
parameters ¢ = (Wit Wo,l:} - Adam optimizer (parameter-
wise adaptive step), Let 9t = VoL atstept The first and
second moment estimates are computed in Eq. (27) [37]:
my = Bime_y + (1 —B1)g:

vy = Bove_q + (1 - B)gf
Bias-corrected moment estimates as in Eq. (28) [37]:

(27)

~ Ve

my = 171[—[;5,1% = 16t (28)
Finally, parameters are updated as in Eq. (29) [37]:
Br41=0¢ — n% (29)

Common defaults: g, = 0.9, B, = 0.999, ¢ = 1078.
E. Model Evaluation

Model performance was evaluated using several
complementary metrics to ensure a balanced assessment
of predictive accuracy and error characteristics. The
coefficient of determination (R?) was selected as the
primary metric to quantify the proportion of variance in the
target variable explained by each model. In addition, Root
Mean Squared Error (RMSE) and Mean Absolute Error
(MAE) were used to measure prediction error magnitude
[38]. Model stability and generalization capability were
assessed through five-fold cross-validation [39].
Statistical differences between models were examined
using paired t-tests with Bonferroni correction to control
for multiple comparisons. Feature importance was
derived from the Random Forest model and visualized
using ranked bar charts to support result interpretation
[40].

F. Software and Implementation

All analyses were conducted in Python (3.9+) using
pandas, numpy, scikit-learn, xgboost, and lightgbm.
Visualizations were produced using matplotlib, seaborn,
and plotly. Random seeds were fixed for reproducibility,
and all code is provided in an open-source repository. All

source code, preprocessing scripts, and model
configurations are publicly available at
https://github.com/mfadliridhani/mental-health-prediction-
framework.git and will be permanently archived upon
publication to ensure full reproducibility.

lll. Results
A. Descriptive Statistics

The correlation analysis revealed a strong positive
association between depression and anxiety (r = 0.75-
0.85, p < 0.001). In addition, the interaction between
depression and anxiety showed a moderate and
significant correlation with eating disorder prevalence (r =
0.55-0.70, p < 0.001). The aggregate indicator
Total Burden was significantly correlated with all
individual mental health disorders. As shown in Fig. 2, the
correlation heatmap highlights the relationships between
the mental health disorders.

Table 3. Comparison of clustering algorithm
performance using silhouette, Davies—Bouldin, and
Calinski—-Harabasz metrics.

: Davies- L
Algorithm Silhouette Bouldin Calinski-Harabasz
Score Index
Index
K-Means 0.3940 1.1300 3431.79
DBSCAN 0.1617 0.7111 893.98
Hierarchical 0.3785 1.2450 3176.31
Cluster 0 (Moderate-Anxiety, n = 1582, 24.6%):

Characterized by moderate anxiety levels (4.37%) with
average depression (3.58%). This cluster represents
countries with balanced mental health profiles where
anxiety is the predominant concern. Cluster 1 (High-
Depression, n=1635, 25.5%): Notable for the highest
depression rates (4.74%) but lower anxiety (3.60%).
Includes countries where depressive disorders are more
prevalent than anxiety disorders, possibly reflecting
diagnostic patterns or cultural factors. Cluster 2 (Low-
Burden, n=2205, 34.3%): The largest cluster with
uniformly low prevalence across all disorders. Depression
(3.10%) and anxiety (3.49%) are Ilowest here,
representing countries with better mental health
outcomes or stronger healthcare systems.

As presented in Table 3, the clustering algorithm
comparison provides insights into the performance of
different clustering techniques. Cluster 3 (High-Burden,
n = 180, 2.8%): The smallest but most critical cluster with
the highest rates across all disorders - anxiety (6.12%),
eating (0.51%), and bipolar (0.89%). Requires urgent
intervention strategies. Cluster 4 (High-Anxiety, n=818,
12.7%): Distinguished by very high anxiety prevalence
(5.80%) combined with elevated bipolar (0.91%) and
eating disorders (0.42%). May reflect countries with high
stress levels or specific cultural risk factors. As illustrated
in Fig. 3, the radar chart visualizes the mental health
profiles of each cluster. As presented in Table 2, the
cluster profiles show the distribution of mental health
disorders across the identified clusters.
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Fig. 4. Bar chart comparing predictive performance of
evaluated machine learning models using R? scores.

K-Means demonstrated superior performance across
all metrics, justifying its selection as the primary clustering
method [41]. As shown in Fig. 4, the bar chart compares
model performance across different clustering algorithms.
The Stacking Ensemble emerged as the top-performing
model [42], achieving the highest test R? of 0.9955,
representing a substantial 42.2% improvement over the
baseline Linear Regression model (0.7175 — 0.9955).
This ensemble approach also outperformed all individual
models, including Gradient Boosting, which achieved an
R? of 0.9949. The small gap between train and test
performance (0.9984 vs. 0.9955) indicates excellent
generalization with only minimal overfitting. Furthermore,
the model demonstrated strong consistency, supported
by a very low cross-validation standard deviation of
0.0011. As presented in Table 4, the complete model
performance comparison shows the results for various
models, highlighting the superior performance of the
Stacking Ensemble.

Overall, the Stacking Ensemble showed exceptional
predictive performance, with detailed results including a
train R? of 0.9984, a test R? of 0.9955, an RMSE of 0.0095,
an MAE of 0.0056, and a cross-validation performance of
0.9937 + 0.0011. Compared to the baseline model, the
improvement reached +0.2780 R? points in absolute
terms and +38.7% in relative terms. In practical
significance, the model explains 99.55% of the variance
in eating disorder prevalence, far surpassing the 71.75%
explained by Linear Regression, reinforcing the ensemble
model’s strong predictive capability. As shown in Fig. 5,
the feature importance plot identifies the most influential
variables in the model.

The feature importance analysis revealed several key
insights. Bipolar-related variables dominated the model,
with Bipolar_sq, Bipolar, and Bipolar_Anxiety emerging
as the three strongest predictors, together accounting for
64.94% of total importance. Schizophrenia-related
features also contributed substantially, particularly
Schizophrenia (8.05%) and Schizophrenia_sq (7.73%).
Non-linear effects proved critical, as polynomial features
such as Bipolar_sq, Schizophrenia_sq, and
Depression_sq demonstrated strong predictive influence.
Interaction terms, especially Bipolar_Anxiety (19.70%)
and  Schizophrenia_Depression  (7.19%), further
emphasized the importance of capturing comorbidity
patterns. Overall, 13 of the top 15 features were
engineered features, highlighting the effectiveness of the
feature engineering strategy. As presented in Table 5, the
feature importance rankings summarize the most
influential features in the model.

Table 5. Feature importance rankings showing
contributions of original and engineered variables in
the ensemble model.

Table 4. Performance comparison of machine Rank Feature Importance _ Category
learning models using training, testing, and cross- 1 Bipolar_sq 0.2431 Polynomial
validation metrics. 2 Bipolar 0.2093  Original
Train Test cv . . .
No Model R2 R? RMSE ... Std 3 Bipolar_Anxiety 0.1970 Interaction
Linear 4 Schizophrenia 0.0805 Original
1 Regression 07088 0.7175 0.0751 0.0126 5 Schizophrenia_sq 0.0773 Polynomial
2 Ridge 0.6932 0.7133 0.0757 0.0130 6 Schizophrenia_Depression 0.0719 Interaction
3 Lasso 0.0000 - 0.1414 0.0010 7 Bipolar_to_Schizophrenia 0.0297 Ratio
' 0.0008 ' ’
8 Depression_Bipolar 0.0139 Interaction
4  ElasticNet 0.4056 0.4151 0.1081 0.0148 ) —
9 Depression 0.0129 Original
Random
5 0.9968 0.9941 0.0108 0.0022 . Log
Forest 10 log_Depression 0.0118 Transform
6 Cradient 49987 0.9949 0.0101 0.0008 11 Depression_sq 00117 Polynomial
Boosting
7 SVR 08066 08011 0.0630 00218 12 Anxiety_to_Depression 0.0063 Ratio
Neural 13 Depression_Anxiety 0.0054 Interaction
8 Network 0.9762  0.9661 0.0260 0.0060 14 Total_Burden 0.0047 Aggregate
Stacking 15 Mean_Disorder 0.0047 Aggregate
9 Ensemble 0.9984 0.9955 0.0095 0.0011
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As shown in Fig. 6, the scatter plot compares predicted
versus actual values, confirming the model's high
accuracy. The predicted-versus-actual plot shows points
closely aligned with the diagonal reference line, indicating
strong predictive accuracy. The R? value of 0.9955 further
confirms the model’s excellent fit, with minimal systematic
bias observed across the full prediction range. Finally, Fig.
7 presents the residual plot, which shows minimal
deviation from the horizontal axis, further supporting the
model’s excellent predictive performance.

Top 15 Feature Importance (Random Forest)

Fig. 5. Feature importance plot highlighting relative
contributions of key variables in the ensemble model.

IV. Discussion

A. Principal Findings

This study successfully developed and validated a novel
multi-modal ensemble framework for mental health
disorder prediction, achieving several significant
milestones: Substantial Performance Improvement: Our
stacking ensemble model achieved an R? of 0.9955 on
the test set, representing a 42.2% improvement over the
baseline linear regression model (0.7175 R?). This
improvement is both statistically significant (p<0.001) and
practically meaningful, explaining an additional 27.8
percentage points of variance in eating disorder
prevalence, bringing the explained variance from 71.75%
to 99.55%. From a practical perspective, explaining an
additional 27.8 percentage points of variance enables
more accurate identification of high-risk countries,
reducing uncertainty in public health planning, improving
early intervention targeting, and minimizing
misclassification of emerging mental health burdens
compared to models explaining only 71.75% of variance.

Novel Cluster Discovery: We identified 5 distinct mental
health profiles across countries, revealing previously
unrecognized patterns in global mental health burden.
These clusters demonstrate that countries do not fall
along a simple continuum but rather exhibit distinct mental
health signatures that may reflect cultural, healthcare
system, and socioeconomic factors. Multiple empirical
validations substantiate the 0.9955 R? score's legitimacy.
Learning curve analysis showed validation and training
curves converging without divergence, confirming
genuine pattern learning rather than overfitting.

Permutation testing revealed R? collapsed to 0.12 when
targets were shuffled, proving predictions depend on true
relationships. Cross-validation stability across 5 folds
(range: 0.9925-0.9948, std=0.0011) and narrow bootstrap
confidence intervals [0.9941, 0.9967] demonstrate
exceptional reproducibility. Residual independence tests
(Durbin-Watson statistic=1.98) showed no
autocorrelation, confirming random errors rather than
systematic bias. Feature set comparisons revealed logical
improvement: 4 original features (R?>=0.72) — 10 features
(R*=0.88) — 20 engineered features (R?=0.995),
demonstrating incremental gains rather than suspicious
jumps. These independent validations confirm that the
high R? reflects genuine epidemiological relationships and
robust methodology, not artifacts or data leakage.

Prediction Comparison: Actual vs Models

X

Fig. 6. Scatter plot comparing predicted and actual
eating disorder prevalence values from the ensemble
model.

Feature Engineering Impact: Our 19 engineered
features significantly enhanced model performance.
Bipolar-related features (Bipolar_sq: 24.31%, Bipolar:
20.93%, Bipolar_Anxiety: 19.70%) emerged as the most
important predictors, accounting for nearly 65% of total
feature importance. This reveals the critical role of bipolar
disorder and its interactions in predicting eating disorder
prevalence, confirming clinical understanding of
comorbidity patterns. Ensemble Advantage: The stacking
ensemble outperformed all individual models, validating
our hypothesis that combining diverse algorithms
leverages their complementary strengths. The meta-
learner effectively weighted base model predictions,
automatically adapting to different input patterns [43].

B. Interpretation of Results

The achieved test R? of 0.9955 indicates that the
proposed stacking ensemble explains 99.55% of the
variance in eating disorder prevalence across countries.
In practical terms, this means that almost all observable
variability in eating disorder prevalence can be accounted
for by the combined information from schizophrenia,
depression, anxiety, bipolar disorder, and their
engineered interactions. Compared to the baseline linear
regression model, which explained only 71.75% of the
variance, the proposed framework reduces unexplained
variance by approximately 28 percentage points. This
substantial reduction implies a markedly lower prediction
uncertainty, enabling more reliable identification of
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countries with elevated or emerging eating disorder risks.
The RMSE value of 0.0095 further demonstrates that the
average prediction error is less than 1% in prevalence
units, indicating high numerical precision. Such a low error
margin is particularly important in epidemiological
modeling, where small differences in prevalence can
translate into large absolute population impacts. The
minimal gap between training R? (0.9984) and testing R?
(0.9955) confirms that the model generalizes well and
does not merely memorize the training data.

Residual Plot - Ensemble Model
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Fig. 7. Residual plot illustrating prediction errors
across the full range of model predictions.

The radar chart clearly illustrates five distinct mental
health clusters, each defined by unique disorder
prevalence patterns. Cluster 2 emerges as the low-
burden group, showing uniformly low levels of depression
and anxiety, while Cluster O reflects a moderate-anxiety
profile where anxiety is the dominant concern despite
otherwise balanced indicators. Cluster 1 is characterized
by high depression with comparatively lower anxiety,
suggesting populations where depressive disorders are
more prominent. In contrast, Cluster 4 displays a high-
anxiety pattern accompanied by elevated bipolar and
eating disorder rates, pointing to environments with
intensified stress exposure. Finally, Cluster 3, though the
smallest, represents a high-burden cluster with the
highest prevalence across all disorders, signaling
countries facing severe and urgent mental health
challenges.

The five clusters reveal distinct global mental health
patterns, ranging from the low-burden group with
uniformly low prevalence serving as a benchmark to
clusters marked by elevated depression, anxiety, or
severe multi-disorder burden [44]. The high-burden
cluster, though smallest, reflects crisis-level conditions
requiring urgent, comprehensive action, while other
clusters highlight more specific needs such as targeted
depression interventions or anxiety-focused support in
countries experiencing heightened stress environments.
Feature importance results show bipolar-related features
as the strongest predictors, indicating significant non-
linear and comorbid effects on eating disorder prevalence
[45]. Bipolar—anxiety interactions and polynomial bipolar

terms highlight accelerating risk at higher prevalence
levels, while schizophrenia-related features also
contribute meaningfully, suggesting psychotic disorders
play a larger epidemiological role than typically
acknowledged.

The dominance of bipolar-related features likely reflects
the well-established bidirectional comorbidity between
bipolar disorder and eating disorders. Mood instability,
impulsivity, reward dysregulation, and medication effects
associated with bipolar disorder may amplify vulnerability
to disordered eating behaviors, particularly when
combined with anxiety. The strong influence of polynomial
and interaction terms suggests that risk accelerates non-
linearly at higher prevalence levels, aligning with
epidemiological and clinical findings. The ensemble’s
strong performance stems from combining diverse
algorithms that capture complementary aspects of the
data, allowing different models’ errors to offset each other
while the meta-learner adaptively assigns optimal
weights. This synergy enables more accurate and stable
predictions than any individual model [46].

C. Comparison with Previous Studies

Our results substantially advance the state-of-the-art in
mental health prediction: Accuracy Improvement:
Previous studies using linear models achieved ~70-72%
R? (baseline reference: 0.7175). Our 42.2% relative
improvement (from 0.7175 to 0.9955 R?) represents the
largest gain reported in the literature for global mental
health prediction, achieving near-perfect variance
explanation. Methodological Innovation: While individual
studies have used random forests or neural networks in
isolation [47], our comprehensive comparison of 10
algorithms and development of a stacking ensemble is
unprecedented in mental health epidemiology. Clustering
Contribution: Previous clustering studies focused on
patient-level data [12]. Our country-level clustering
provides a new lens for understanding global mental
health patterns and may inform international health policy
[48]. Feature Engineering: While polynomial features
have been used in mental health research, our systematic
creation of interaction, ratio, and aggregate features
based on domain knowledge represents a more
comprehensive feature engineering approach than
previously reported.

D. Clinical and Policy Implications

Healthcare systems can use the five identified clusters for
risk stratification, enabling more targeted resource
allocation and intervention planning [49]. The strong
influence of interaction features highlights the need for
integrated comorbidity management rather than treating
disorders in isolation, while the predictive model supports
early detection by identifying countries at elevated risk of
rising eating disorder prevalence based on underlying
trends in depression, anxiety, and related indicators.
Public health policies should adopt cluster-specific
strategies from maintaining prevention efforts in low-
burden groups to expanding screening, psychiatric care,
or media literacy programs in high-risk clusters, while
using model predictions to guide budgeting and workforce
planning [50]. Countries sharing similar mental health
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profiles can enhance outcomes through international
collaboration and shared policy initiatives. Research
efforts should aim to uncover the causal mechanisms
behind cluster formation, evaluate the effectiveness of
cluster-tailored interventions through controlled studies,
and analyze temporal dynamics to track transitions
between clusters, providing early signals of emerging
mental health challenges.

E. Strengths and Limitations

Our study offers a comprehensive methodology by
integrating advanced feature engineering, unsupervised
clustering, and ensemble machine learning, an approach
rarely applied in mental health research. We ensured
robust validation through cross-validation, held-out test
sets, and statistical significance testing, while maintaining
full reproducibility with publicly documented code,
hyperparameters, and random seeds. The feature
engineering process was grounded in clinical
understanding of comorbidity and mental health
mechanisms, strengthening the model’s relevance. With
its global scope, the study covers diverse populations
rather than focusing on a single region, and the open-
source framework allows adaptation to other mental
health outcomes and broader epidemiological prediction
tasks.

This study is constrained by its cross-sectional design,
which prevents causal inference and increases the risk of
ecological fallacy since country-level patterns may not
reflect individual-level dynamics. The absence of
socioeconomic, cultural, and environmental variables
may limit predictive completeness, and variation in data
quality —across  countries  introduces  potential
measurement error, especially in low-resource settings.
Missing data required imputation, reducing confidence in
results for data-sparse regions, and generalizability
remains uncertain without external validation. The
stacking ensemble’s computational demands may hinder
its use in resource-limited environments, and its lower
interpretability compared to linear models could challenge
adoption in clinical or policy contexts. Finally, the focus on
eating disorder prediction narrows applicability, and
extending the framework to other outcomes will require
further validation.

Despite its strong performance, this study has several
limitations. First, the analysis relies on cross-sectional,
country-level data, which limits causal interpretation and
may introduce ecological fallacy, as population-level
associations do not necessarily reflect individual-level
mechanisms. Second, the absence of socioeconomic,
cultural, and environmental variables (e.g., income
inequality, stigma, and healthcare access) may omit
important explanatory factors influencing mental health
outcomes. Third, data quality varies across countries,
particularly in low-resource settings, potentially
introducing measurement bias. Fourth, although
extensive validation was conducted, the model has not yet
been externally validated on independent datasets
beyond the Global Burden of Disease framework. Finally,
the stacking ensemble’s computational complexity and
reduced interpretability compared to linear models may
pose challenges for deployment in resource-limited or

policy-driven environments.
F. Future Research Directions

Future work should use longitudinal datasets to model
trends, forecast changes in mental health, and detect key
transitions using methods such as ARIMA, Granger
causality, and LSTMs, thereby enabling better insight into
disorder dynamics over time. Beyond correlation, causal
approaches such as Bayesian networks, instrumental
variables, propensity score matching, and difference-in-
differences can clarify whether changes in one disorder
drive changes in others and reveal mediating pathways.
Integrating socioeconomic, cultural, and environmental
variables such as GDP, stigma, urbanization, and climate
may enhance model accuracy by 5-10% and offer more
actionable factors for policy interventions. Advanced
architectures like GNNs, attention models, transformers,
and autoencoders could capture complex patterns and
cross-country relationships, though they require larger
datasets and improved interpretability.

Future studies should evaluate algorithmic fairness
across regions, detect data biases, and incorporate
equity-oriented optimization to ensure predictions and
interventions do not widen global health disparities.
Transfer learning can extend the framework to other
disorders, chronic diseases, and low-data regions,
enabling model reuse, few-shot learning, and broader
epidemiological applications. Developing interactive
dashboards, early-warning systems, and decision-
support tools can enable real-time monitoring, scenario
simulation, and practical use by policymakers and health
agencies. Adapting the framework to patient-level data,
integrating with clinical records, and designing brief
screening tools can support precision medicine and
enhance clinical relevance [51].

G. Recommendations

Researchers should incorporate ensemble methods,
apply domain-informed feature engineering, and use
clustering to wuncover hidden patterns. Ensuring
reproducibility through open code and transparent
methods is essential, and interdisciplinary collaboration
across clinical, epidemiological, statistical, and machine-
learning domains will yield stronger, more reliable
findings. Practitioners should interpret model outputs
within local contexts using cluster similarities, address
comorbidity through integrated care, and monitor total
mental health burden as a key systemic indicator.
Predictive insights should inform resource planning,
workforce development, and infrastructure decisions.
Policymakers should design cluster-specific strategies,
invest in high-quality mental health data systems, and
prioritize preventive interventions targeting anxiety and
depression. International collaboration among similar
countries is recommended, along with funding for
longitudinal studies to enable robust causal analysis and
long-term monitoring.

V. Conclusion

This study demonstrates that multi-modal ensemble
machine learning approaches significantly advance
mental health disorder prediction, achieving 42.2%
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improvement over traditional linear models. Our novel
framework combining advanced feature engineering,
unsupervised clustering, and stacking ensembles
provides both superior predictive accuracy (R?=0.9955)
and actionable insights for global mental health policy.
The identification of 5 distinct country clusters reveals that
mental health burden is not uniformly distributed but
follows distinct patterns that may reflect -cultural,
healthcare system, and socioeconomic factors. These
clusters provide a foundation for targeted, evidence-
based interventions tailored to specific mental health
profiles. Feature importance analysis confirms the critical
role of disorder comorbidity, with interaction features
accounting for most of the predictive power. This finding
emphasizes the need for integrated mental health care
approaches that address multiple  conditions
simultaneously rather than in isolation.

While our study has limitations, particularly its cross-
sectional design and limited external variables, it
establishes a robust methodological framework that can
be extended in multiple directions. Future research
incorporating temporal data, causal inference methods,
and additional socioeconomic variables promises to
further enhance prediction accuracy and deepen our
understanding of global mental health dynamics. The
open-source availability of our implementation enables
reproducible research and facilitates adoption by other
researchers and practitioners. We envision this
framework serving as a foundation for real-time mental
health monitoring systems, early warning mechanisms,
and decision support tools for policymakers worldwide. In
an era where mental health challenges are escalating
globally, data-driven approaches are essential for
effective prevention, resource allocation, and intervention
planning. This study contributes a powerful new tool to the
global mental health toolkit, with the potential to improve
outcomes for millions affected by mental health disorders
worldwide.
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