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Abstract

Mental health-related concerns have become increasingly visible in digital environments, where
online search behavior reflects public awareness and information-seeking patterns. Examining
temporal changes in mental health-related searches may provide valuable insights into emerging
public concerns and support evidence-based planning. This study analyzes monthly Google
Trends data on counseling and related mental health topics from January 2011 to June 2026. An
XGBoost regression model was developed using historical counseling search interest, lagged
variables, and related mental health indicators, including depression, anxiety, stress, suicide, and
mental health search trends. Temporal analysis, feature importance evaluation, and SHAP
interpretation were applied to investigate trend patterns and explain model predictions. The
findings revealed a substantial increase in counseling-related search interest, particularly after
2018, with several periods showing notable fluctuations. The XGBoost model demonstrated
satisfactory predictive performance, achieving a mean absolute percentage error of 18.78 percent
and a coefficient of determination of 0.658. Historical counseling search variables were identified
as the most influential predictors, indicating that previous search behavior plays a dominant role
in forecasting future trends. The study highlights the potential of interpretable machine learning
approaches for monitoring digital mental health trends and supporting data-driven public health
strategies.
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Introduction

The rapid development of digital platforms has transformed how individuals access and seek
information about health, psychological conditions, and social issues. The increasing availability of
online behavioral data has created new opportunities for population-level monitoring through digital
traces generated from internet activities. Compared with conventional survey approaches, which are
often constrained by limited observation periods, reporting bias, and delayed data availability, digital
search behavior provides continuous information that reflects public attention and information-seeking
patterns over time. In mental health research, these digital footprints have increasingly been utilized to
complement traditional epidemiological approaches by identifying changes in public concerns,
awareness, and psychological information needs. Recent evidence further suggests that mental health
is shaped by broader psychosocial and environmental stressors, reinforcing the importance of
monitoring population responses to changing social conditions through timely and scalable data
sources (Putra & Afiati, 2026).
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Google Trends has become one of the most widely used platforms for analyzing population search
behavior and has contributed to the development of mental health infodemiology. This approach
examines the distribution and determinants of health-related information in electronic environments to
understand population behavior. Google Trends provides anonymized relative search volume data,
enabling researchers to investigate sensitive mental health topics that may be difficult to capture
through conventional methods. However, Google Trends represents normalized relative search interest
rather than absolute search volume; therefore, interpretation requires careful consideration of
keywords, categories, geographic scope, and observation periods (Alibudbud, 2023).

Previous studies have demonstrated the potential of Google Trends for monitoring mental health-
related phenomena. Search patterns associated with depression have shown temporal and geographical
variations consistent with established epidemiological characteristics, indicating that online search
behavior may provide meaningful signals of population mental health concerns (Wang et al., 2022).
Similarly, online symptom search data have been utilized to estimate suicide-related trends and provide
more timely information compared with conventional surveillance systems that often experience
reporting delays (Sumner et al., 2023). Recent studies have further extended Google Trends applications
through predictive approaches. Machine learning models incorporating Google search patterns have
demonstrated the potential to predict suicide attempt trends (Kachlik et al., 2025), while selected
internet search queries, combined with advanced statistical approaches, have shown promising
performance in forecasting suicide trends across different contexts (Takane, 2025).

Although Google Trends provides valuable behavioral indicators, search data are inherently
sequential and dynamic, containing temporal dependencies, seasonal variations, and nonlinear
patterns. Therefore, time series forecasting methods are required to capture these complex structures.
Previous research has demonstrated the effectiveness of time series approaches in various forecasting
applications. Seasonal autoregressive models have been applied for tourism demand forecasting
(Yollanda & Devianto, 2020), while artificial neural networks have been utilized for financial time series
modeling involving nonlinear relationships (Yollanda et al., 2018). Furthermore, nonlinear and hybrid
time series models have shown improved forecasting performance by combining different modeling
structures (Arif et al., 2022; Devianto et al., 2022). Advanced forecasting approaches incorporating
fractional models, fuzzy time series, and neural networks have also demonstrated the ability to capture
complex temporal patterns (Arif et al., 2024; Devianto et al.,, 2023; Devianto, Permana, et al., 2024;
Devianto, Wahyuni, et al., 2024; Yollanda et al., 2023).

The development of machine learning algorithms has further expanded forecasting capabilities for
datasets involving nonlinear relationships and multiple predictors. Unlike conventional statistical
models that depend on predefined assumptions, machine learning methods can identify complex
patterns through data-driven learning. Extreme Gradient Boosting (XGBoost) has gained substantial
attention for its high predictive performance, ensemble tree structure, and regularization mechanisms
that reduce model complexity (Chen & Guestrin, 2016). These characteristics make XGBoost suitable for
analyzing behavioral datasets, including digital mental health indicators derived from online search
activity.

Recent mental health studies have demonstrated the effectiveness of machine learning approaches
for identifying complex relationships between predictors and psychological outcomes. The increasing
recognition of work-related psychological distress further highlights the need for scalable monitoring
systems capable of detecting changes in mental health information-seeking behavior beyond traditional
clinical settings (Putra, Ardi, & Afiati, 2026). XGBoost-based models have been applied to predict mental
health severity and identify influential factors among university students (Kong et al., 2025). Similarly,
machine learning-based depression prediction studies have shown strong predictive performance, with
XGBoost demonstrating the capability in identifying important depression-related predictors (Vu et al.,
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2025; Xia et al., 2025). However, predictive accuracy alone is insufficient for sensitive applications such
as mental health, where understanding model decisions is essential.

Explainable Artificial Intelligence (XAI) has therefore become increasingly important to improve the
transparency and interpretability of complex machine learning models. SHapley Additive exPlanations
(SHAP) provides a framework for quantifying the contribution of individual predictors to model
predictions using game-theoretic principles (Lundberg & Lee, 2017). Machine learning and SHAP have
been applied in various mental health settings, including depression prediction, anxiety assessment,
suicide risk identification, and mental health profiling (Benito et al., 2024; Manyam et al., 2025; Mimikou
et al., 2025; Niu et al., 2025). Moreover, explainable Al approaches for healthcare time series and remote
health applications emphasize the importance of interpretable predictions when models are applied to
sensitive human conditions (Di Martino & Delmastro, 2023; Joyce et al., 2023). Despite the growing
application of Google Trends and machine learning in mental health research, previous studies have
mainly focused on identifying psychiatric disorders, estimating depression prevalence, or predicting
suicide-related outcomes. At the same time, recent evidence from low- and middle-income countries
has highlighted the importance of developing context-specific approaches for mental health
surveillance and prevention, reflecting the need for evidence that captures changing population mental
health needs in diverse socioeconomic settings (Putra, Ardi, Ifdil, et al., 2026). Nevertheless, limited
attention has been given to forecasting counseling-related search interest as an indicator of population-
level demand for psychological support. Furthermore, the contribution of different mental health-
related search patterns, including depression, anxiety, stress, suicide, and general mental health, toward
counseling search trends remains insufficiently explored using longitudinal forecasting frameworks.

Therefore, this study aims to develop an explainable machine-learning forecasting framework for
counseling-related search interest, using monthly Google Trends data. Counseling search interest is
modeled as the target variable, while related mental health search trends, lag variables, temporal
components, and seasonal characteristics are incorporated as predictors. XGBoost is employed to
capture nonlinear relationships and temporal dependencies, while SHAP analysis is applied to identify
the contribution of each predictor. This study contributes to digital mental health surveillance by
demonstrating how search behavior data can be integrated with machine learning and explainable
artificial intelligence to understand and predict population-level interest in information about
psychological counseling.

Method

Data Collection and Preparation.

This study employed monthly time-series data from Google Trends covering January 2011 to June
2026, yielding 186 observations. The objective of this study was to examine and predict counseling
search interest based on mental health-related search trends using a machine learning approach. The
dependent variable was counseling search interest, while the explanatory variables consisted of search
interest related to depression, anxiety, stress, suicide, and mental health. Google Trends provides
normalized search interest values ranging from 0 to 100, where 100 represents the peak search
popularity of a term during the selected period, while lower values indicate proportionally lower search
interest. Therefore, the counseling variable does not represent actual counseling utilization or the
number of individuals receiving counseling services; rather, it reflects population-level attention and
information-seeking behavior related to counseling topics.

The selection of mental health-related search variables was based on the assumption that individuals
experiencing psychological concerns may seek information regarding emotional conditions and
available support resources before accessing professional assistance. Search terms related to depression,
anxiety, stress, suicide, and mental health were therefore incorporated as potential predictors of
counseling search interest. Table 1 presents the variables and data sources used in this study.
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Table 1. Variables and Data Sources

Variable Description Unit
Counselling Search interest related to counseling Google Trends index (0-100)
Depression Search interest related to depression Google Trends index (0-100)

Anxiety Search interest related to anxiety Google Trends index (0-100)

Stress Search interest related to stress Google Trends index (0-100)
Suicide Search interest related to suicide Google Trends index (0-100)

Mental Health Search interest related to mental health  Google Trends index (0-100)

Before model development, the dataset underwent several preparation procedures. First, all
observations were arranged chronologically to preserve the data's temporal structure. Second, data
completeness was examined to ensure that no observations were missing. Third, exploratory
visualization was conducted to identify general trends, fluctuations, and possible seasonal patterns in
counseling search interest. Because time-series observations are inherently dependent, random data
splitting was avoided. Instead, chronological ordering was maintained throughout the modeling
process to prevent information leakage from future observations into the training dataset.

Feature Engineering
Feature engineering was performed to convert the original sequential Google Trends data into
informative predictive variables capturing temporal dependencies, long-term trends, and recurring
seasonal patterns. Since search interest data are generated over time, the model requires additional
temporal information to capture behavioral changes that cannot be represented by the original variables
alone. Therefore, three groups of features were constructed: deterministic trend features, seasonal
features, and lagged historical features.
a. Trend Feature Construction.
A deterministic time-trend variable was introduced to capture gradual structural changes in
counseling-related search interest over the observation period. The inclusion of a trend
component enables the model to detect whether public interest in counseling exhibits persistent
upward or downward trends over time, rather than relying solely on short-term fluctuations.
The trend variable was formulated as:
Trend; =t
where Trend, represents the sequential time index at period t, t represents the monthly
observation sequence, and T represents the total number of observations: t=1,2,3,...,T. For this
study, the trend variable was assigned sequential monthly values from January 2011 to June
2026. The feature provides additional temporal information that helps the model distinguish
between temporary variations and long-term changes in counseling search behavior.

b. Seasonal Feature Construction.
Monthly search behavior may contain periodic patterns caused by recurring annual events,
changes in social conditions, academic cycles, holidays, and other time-dependent factors.
However, directly including month categories may increase model complexity and introduce
discontinuities in relationships between adjacent months. Therefore, the Fourier transformation
was applied to represent seasonal variation using continuous cyclical variables. The seasonal
components were constructed using sine and cosine transformations:

. (2mM,
Seasonalgy,, = sm( 17 )
and
2nM,
Seasonal ,s, = cos( 12 )

where M,represents the month number ranging from 1 to 12, 2rrepresents a complete circular
cycle, and 12 represents the annual seasonal period.
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The sine and cosine transformations allow the model to identify cyclical relationships between
months. For example, December and January are close in the annual cycle despite having
different numerical month values. The transformation preserves this continuity and enables
XGBoost to capture nonlinear seasonal fluctuations in counseling-related search interest.

c. Lag Feature Construction

Because search behavior is influenced by previous public attention and information-seeking
patterns, lagged variables were created to represent temporal dependence between past and
current counseling search interest. Lag features allow the model to learn whether previous
search activity contributes to future changes in search behavior. The lagged counseling variable
was defined as:

Coop =C(t—k)
where C, represents the counseling search interest at the time t and k represents the lag period.
This study incorporated five lag structures:

k ={1,2,3,6,12}
The selected lag periods represent different memory effects:

e Lag 1 month represents the immediate short-term influence from the previous month.
¢ Lag?2 and 3 months represent delayed behavioral responses.

e Lag 6 months represents medium-term fluctuations.

e Lag 12 months represents annual recurring patterns.

The inclusion of lagged variables enables the model to incorporate historical search dynamics
and improve forecasting capability by learning temporal relationships within the counseling
search series.

The predictor variables were selected based on both theoretical and empirical
considerations. Mental health-related search terms, including depression, anxiety, stress,
suicide, and mental health, were chosen because previous studies have shown that these topics
frequently precede or accompany information-seeking behavior related to psychological
support. To capture temporal dynamics, deterministic trend variables, seasonal Fourier
components, and lagged counseling search values were additionally incorporated. These
engineered features enable the model to learn long-term trends, recurring seasonal fluctuations,
and short-, medium-, and long-term temporal dependencies while reducing information loss
associated with using the original Google Trends series alone.

Predictive Modeling Using XGBoost

This study employed the Extreme Gradient Boosting (XGBoost) algorithm to forecast future
counseling-related search interest. XGBoost was selected because it can model nonlinear relationships,
handle interactions among multiple predictors, and capture complex patterns commonly found in time-
series data. Unlike traditional statistical approaches that assume linear relationships, XGBoost
constructs an ensemble of decision trees sequentially. Each additional tree is developed to minimize the
prediction errors generated by previous trees, allowing the model to gradually improve predictive
accuracy. The prediction function of XGBoost can be expressed as:

7= ifm X

where Y;represents the predicted counseling search interest, Mrepresents the total number of decision
trees, f,,represents the prediction contribution of the m-th tree, and X,represents the input feature vector
at time t. The optimization process aims to minimize the objective function:

0bj = iL(yi.m + i Q( f)
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where L(y;, % )represents the prediction loss between observed and predicted values, y;represents the
actual counseling search interest, yrepresents the predicted value, and Q(f,,)represents the
regularization term used to control model complexity.The regularization component is formulated as:

1<,
Q) =T + E’lz Wi
=1

where Trepresents the number of leaves in a decision tree, w;jrepresents leaf weights, ycontrols tree
complexity, and Acontrols weight regularization. The regularization mechanism reduces overfitting by
penalizing overly complex trees and improving the model's ability to generalize to unseen observations.
The XGBoost model was configured with 500 estimators, a learning rate of 0.03, a maximum tree depth
of 3, a subsample ratio of 0.8, and a column sampling ratio of 0.8. The squared error regression objective
function was applied because the target variable represents continuous counselling search interest
values. These parameter settings were selected to balance model complexity and predictive
performance while maintaining the ability to capture nonlinear relationships within the time-series
data.

Because the dataset consists of chronological time-series observations, conventional random cross-
validation was not applied to avoid information leakage. Instead, model validation followed a
chronological train-test split, where earlier observations were used for model training and the most
recent observations were reserved for testing. Model performance on the testing data was subsequently
evaluated using RMSE, MAE, and R? to assess predictive accuracy and generalizability.

Forecast Accuracy Evaluation
The predictive performance of the XGBoost model was evaluated using three statistical indicators:
RMSE, MAE, and R?.
a. Root Mean Squared Error (RMSE). RMSE measures the magnitude of prediction errors by
assigning greater weight to larger deviations.

n
1 52
;Z(yi -%)
i=1

A smaller RMSE indicates that predictions are closer to actual observations.
b. Mean Absolute Error (MAE). MAE measures the average absolute difference between observed

RMSE =

and predicted values.
n
1
MAE == 1y -3,
nl, lyi =%l
iz

Lower MAE values indicate better predictive accuracy.
c. Coefficient of Determination (R?). The explanatory capability of the model was evaluated using:

n _ 52
[ 2 (Vi =)
n )2
2 (Vi)
where y represents the mean observed counseling search interest. Higher R?values indicate that
the model explains a larger proportion of variation in counseling search interest.

Model Interpretation
Although machine learning models generally provide high predictive accuracy, interpretation is
required to understand the contribution of each predictor. Therefore, this study applied feature
importance analysis and SHAP interpretation.
a. XGBoost Feature Importance.
The relative contribution of each feature was measured using the gain-based importance

score:
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Gain;
Importance; = 5
j=1
where Gain;represents the improvement in prediction accuracy produced by the feature j,

Gai n;

Y., Gain; represents the total number of features. Higher importance values indicate stronger
contributions to predicting counseling search interest.

b. SHAP Interpretation

SHAP analysis was used to explain individual predictions from the XGBoost model.

The SHAP decomposition is defined as:

P
F6) =0+ ) ¢

where f(x)represents the model prediction, ¢, represents the baseline prediction, and ¢; represents
the contribution of the feature i. Positive SHAP values indicate that the feature increases predicted
counseling search interest, whereas negative SHAP values indicate a decreasing contribution.
Through SHAP analysis, the study identifies not only which variables are important but also how
each mental health-related search trend influences counseling search behavior.

Results and Discussion
1. Temporal Trends of Mental Health-Related Google Search Interest

The descriptive analysis examined the characteristics and temporal evolution of Google search
interest related to mental health from January 2011 to June 2026. The dataset consisted of 186 monthly
observations covering six mental health-related search indicators: counseling, depression, anxiety,
stress, suicide, and mental health. All variables contained complete observations without missing
values. The descriptive statistics of each variable are presented on Table 1 below.

Table 1. Descriptive Statistics of Mental Health-Related Google Search Interest

Variable Mean Standard Deviation = Minimum Median Maximum
Counselling 30.66 22.14 0 24 100
Depression 8.3 4.85 3 7 55

Anxiety 22.84 18.7 4 17 100

Stress 18.17 3.42 11 18 38
Suicide 6.49 8 3 5 100
Mental Health 11.73 14.83 0 5.5 100

Table 1 shows considerable variation among mental health-related search indicators. Counseling
search interest showed the greatest variability among the measured indicators, with a standard
deviation of 22.14 and a maximum of 100. Anxiety and mental health searches also showed large
fluctuations, indicating periods of increased public attention toward psychological concerns. Stress-
related searches presented a more stable pattern with a lower standard deviation.

The descriptive statistics also indicate substantial differences in the distribution of search interest
across mental health topics. Counseling, anxiety, suicide, and mental health exhibited maximum values
of 100, suggesting occasional periods of exceptionally close public attention, whereas stress-related
searches remained relatively stable throughout the observation period. The noticeable disparities
between the median and maximum values for several variables further indicate irregular spikes in
search activity rather than consistently elevated interest. Such characteristics suggest that Google
Trends data exhibit nonlinear fluctuations and varying temporal dynamics across mental health topics,
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supporting the use of flexible machine learning approaches that can capture complex relationships and
sudden changes in search behavior. The monthly trends of mental health-related search interest are
illustrated in Figure 1.

Temporal Trends of Mental Health-Related Google Search Interest
(January 2011 - June 2026)
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Figure 1. Temporal Trends of Mental Health-Related Google Search Interest

Figure 1 presents the temporal pattern of counseling-related search interest throughout the
observation period. During 2011-2017, counseling searches remained relatively low with several short-
term fluctuations, indicating a relatively stable but limited level of public engagement with counseling-
related information. An increasing trend became apparent after 2018, followed by a substantial rise
during 2019-2021. Several peaks were observed during this period, with search interest reaching the
maximum Google Trends index value. The increase suggests a growing public interest in mental health
support and counseling information through online platforms.

After the peak period, counseling-related searches remained at a higher level compared with the
early years of observation. Although fluctuations occurred between 2022 and 2026, the overall pattern
indicates sustained public engagement with counseling-related information. The long-term increase
highlights the potential role of digital search behavior as an indicator of changes in mental health
awareness and information-seeking patterns.

2. XGBoost Model Development and Feature Construction

The forecasting model was developed using an XGBoost regression framework to predict future
counseling search interest based on historical search behavior and related mental health indicators. The
model incorporated temporal dependencies via lag variables and contextual psychological indicators.
The feature construction process involved generating lagged counseling variables representing
previous search behavior. Five lag structures were initially explored, including lag-1, lag-2, lag-3, lag-6,
and lag-12 months. These variables were designed to capture short-term persistence and longer-term
seasonal memory within counseling search patterns. The final input variables used in the XGBoost
model are summarized in Table 2.
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Table 2. Input features used in the XGBoost forecasting model

Feature Category Variables
Historical counseling pattern Counselling lag-1, lag-2, lag-3, lag-12
Psychological indicators Depression, Anxiety, Stress, Suicide, Mental Health
Target variable Counseling search interest

The dataset was arranged chronologically to preserve the data's temporal structure. The first 80% of
observations were assigned as training data, while the remaining 20% were used as testing data. This
approach avoided random sampling procedures that could introduce future information into the
training process. The XGBoost model was configured with 500 boosting iterations, a learning rate of
0.03, a maximum tree depth of 3, and a subsampling rate of 0.8. These settings were selected to balance
predictive performance and model complexity while reducing the possibility of overfitting.

After completing the iteration, the contribution of each predictor variable was evaluated using the
feature importance scores generated by the trained XGBoost model. The ranking of predictor
importance is presented in Figure 2.

XGBoost Feature Importance

counselling lag 1 1
counselling_lag_2 -
depression 1
anxiety -

suicide
counselling lag 3 -
counselling_lag_12 -
stress -

mental_health -

0.0 0.1 0.2 0.3 0.4

Figure 2. XGBoost feature importance for predicting counseling search interest

Figure 2 demonstrates that historical counseling patterns were the dominant predictors of future
interest in counseling searches. Counseling lag-1 contributed the largest share of model importance,
followed by counseling lag-2, indicating that recent search behavior provided substantial information
for predicting subsequent counseling-related searches. This finding suggests the presence of temporal
dependency in public mental health information-seeking behavior, where previous levels of attention
toward counseling topics influence future search intensity. Similar patterns have been observed in
digital mental health surveillance studies, where historical search trends and prior behavioral signals
have improved the prediction of mental health-related outcomes (Kachlik et al., 2025; Sumner et al.,
2023). The predictive value of temporal search patterns also supports previous findings that Google
Trends data can capture dynamic changes in population-level mental health concerns through
continuous, near-real-time behavioral signals.

The importance of lag variables further indicates that counseling-related searches are not isolated
events but represent persistent information-seeking patterns over time. Previous studies utilizing
internet search data have demonstrated that mental health-related queries exhibit temporal structures,
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including seasonal fluctuations and longitudinal changes, which can be effectively modeled using
forecasting approaches (Takane, 2025; Wang et al., 2022). In particular, Wang et al. (2022) showed that
depression-related Google Trends patterns exhibited meaningful temporal variations consistent with
known epidemiological characteristics, suggesting that search behavior contains predictive information
about psychological conditions. Similarly, Takane (2025) demonstrated that integrating multiple search
patterns with historical suicide data improved prediction accuracy, highlighting the importance of
incorporating previous search information when modeling mental health-related outcomes.

Among psychological indicators, depression and anxiety search trends showed relatively greater
contributions compared with stress, suicide, and general mental health indicators. This finding suggests
that individuals seeking counseling information may be more closely associated with depressive and
anxiety-related concerns, which are among the most common psychological conditions linked with
help-seeking behavior. Previous machine learning studies have also identified depression and anxiety-
related variables as important predictors of mental health outcomes. Kong et al. (2025) demonstrated
that XGBoost combined with SHAP successfully identified influential predictors of mental health
severity, while Xia et al. (2025) and Vu et al. (2025) reported that machine learning models, particularly
XGBoost, could effectively identify important factors associated with depression risk. Furthermore,
studies applying explainable machine learning approaches have consistently shown that psychological
distress, anxiety symptoms, and depression-related characteristics contribute substantially to predictive
performance in mental health models (Benito et al., 2024; Manyam et al., 2025; Mimikou et al., 2025).

The relatively lower contribution of stress, suicide, and general mental health search indicators does
not necessarily indicate limited relevance but may reflect differences in information-seeking pathways.
Individuals searching for counseling services may use more specific symptom-related terms, such as
depression or anxiety, rather than broader psychological concepts. Previous Google Trends-based
studies have shown that specific mental health-related queries can provide stronger predictive signals
than general health terms because they more directly represent users’ concerns or symptoms (Kachlik
et al., 2025; Sumner et al., 2023). Therefore, the higher contribution of depression and anxiety variables
in this study is consistent with previous evidence that symptom-specific search patterns provide
valuable indicators for monitoring population mental health behavior.

The dominance of lag variables and psychological search indicators also supports the suitability of
machine learning approaches for modeling digital mental health data. Unlike traditional statistical
models that may assume linear relationships, XGBoost can capture nonlinear interactions between
historical patterns and psychological indicators, enabling a more flexible representation of complex
behavioral processes (Chen & Guestrin, 2016). The application of SHAP analysis further strengthens
interpretation by quantifying how each feature contributes to model predictions, enabling identification
of the most influential factors driving counseling search interest (Lundberg & Lee, 2017). Previous
research has emphasized that explainability is particularly important in mental health applications
because predictive models should provide understandable information regarding factors associated
with psychological outcomes (Di Martino & Delmastro, 2023; Joyce et al., 2023; Noor et al., 2025).

To further investigate the relationship between predictor variables and model predictions, SHAP
(SHapley Additive exPlanations) analysis was conducted. SHAP analysis provides information on the
magnitude and direction of each feature's contribution to the predicted counseling search interest. The
SHAP summary plot is presented in Figure 3.
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SHAP Feature Impact on Counselling Search Interest
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Figure 3. SHAP summary plot of predictor contributions in the XGBoost model

Figure 3 indicates that the counseling lag variables had the strongest influence on the model output,
consistent with the feature importance results. Higher recent counseling search values generally
contributed positively to predicted counseling interest, indicating that search behavior persists over
time. Psychological variables, particularly anxiety and depression, also contributed to model
predictions. Higher anxiety-related search interest tended to increase the predicted counseling demand,
indicating a potential relationship between symptom-related information seeking and the intention to
seek counseling resources. The SHAP interpretation confirms that the XGBoost model does not rely
solely on historical trends but also captures variations associated with broader mental health-related
search behavior.

3. Model Performance Evaluation

After examining the contribution and interpretation of each predictor variable, the predictive
capability of the XGBoost model was evaluated on the test set. The evaluation was conducted using four
performance metrics: Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean Absolute
Percentage Error (MAPE), and the coefficient of determination (R?). These metrics were selected to
assess both prediction accuracy and the model's ability to explain variation in counseling search interest.
The model performance results are presented in Table 3.

Table 3. Performance evaluation of the XGBoost forecasting model

Evaluation Metric RMSE MAE MAPE (%) R?
Value 11.88 7.58 18.78 0.658

Table 3 shows that the XGBoost model achieved an R? of 0.658, explaining approximately 65.8% of
the variation in counseling search interest. The RMSE of 11.88 indicates that the average prediction
deviation remained within an acceptable range, given the variability of Google Trends indices, which
are normalized to 0-100. The MAE value of 7.58 indicates that the model predictions differed from the
observed counseling search interest by approximately 7.58 points on average. Furthermore, the MAPE
of 18.78% indicates that the forecasting error remained below 20%, indicating reasonable predictive
performance for monthly search behavior data characterized by sudden fluctuations. The model's
predictive capability was further examined by comparing observed and predicted counseling search
interest values during the testing period. The comparison is illustrated in Figure 4.
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Figure 4. Comparison between observed and XGBoost-predicted counseling search interest during
the testing period

Figure 4 shows that the XGBoost model captured the general trend in counseling search interest,
particularly during periods of increased search activity. The predicted values followed the observed
trend during relatively stable periods, while larger deviations appeared during abrupt changes in
search intensity. The largest differences between actual and predicted values occurred during several
sudden increases in counseling searches, particularly when the observed index increased sharply within
a short period. These deviations are expected because machine learning models based on historical
patterns may require additional contextual variables to fully capture unexpected behavioral changes.

Despite these limitations, the model successfully identified the overall direction and magnitude of
counseling search dynamics, demonstrating its potential for short-term forecasting of public mental
health information-seeking behavior.

4. Future Forecasting of Counseling Search Interest

Following the evaluation of model performance, the trained XGBoost model was applied to generate
short-term forecasts of counseling search interest. The forecasting period covered three months after the
final observation, corresponding to July 2026 to December 2026. The forecast values generated by the
model are summarized in Table 4.

Table 4. Forecasted Mental Health-Related Google Search Interest with 95% Confidence Interval

Time Forecast Lower 95% Upper 95%
Jul-26 69.0498 65.8077 74.0837
Aug-26 72.6235 67.3943 78.6458
Sep-26 59.0887 52.5880 66.2759
Oct-26 56.9902 49.4004 65.3031
Nov-26 48.5371 39.8053 57.5957
Dec-26 43.8740 34.4810 53.8115

Table 4 presents the six-month-ahead forecast of counseling-related Google search interest using the
XGBoost model, with a 95% prediction interval. The forecasting results indicate that counseling search
interest is projected to rise from 69.0498 in July 2026 to 72.6235 in August 2026, reflecting a short-term
increase in public attention to counseling-related information. After reaching the highest predicted
value in August 2026, the forecast shows a declining pattern, with search interest decreasing to 59.0887
in September 2026. The declining trend continues throughout the remainder of the forecast period, with
predicted values of 56.9902 in October 2026, 48.5371 in November 2026, and 43.8740 in December 2026.
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This indicates that the model anticipates a gradual reduction in counseling-related search interest
following the initial increase at the start of the forecast horizon.

The 95% prediction interval reflects the uncertainty associated with future forecasts. The interval
ranges from 65.8077-74.0837 in July 2026 and expands to 34.4810-53.8115 in December 2026, indicating
increasing uncertainty as the forecast horizon extends. The widening prediction interval is consistent
with multi-step time-series forecasting, where uncertainty accumulates as predictions are projected
further into the future.

5. Implications of Machine Learning-Based Mental Health Trend Prediction

The findings demonstrate that Google Trends data combined with machine learning approaches can
provide valuable insights into population-level mental health information-seeking behavior. The
upward trend in counseling-related searches suggests that online search activity may reflect shifts in
public interest, awareness, and demand for psychological support services. This interpretation is
consistent with the concept of psychiatric and mental health infodemiology, in which digital search
behavior is considered a source of population-level information on mental health concerns and service-
seeking behavior. Previous studies have also demonstrated that Google Trends data can capture
meaningful variations in mental health-related interests, including depression-related search patterns
that correspond with known temporal and geographic characteristics of psychological conditions
(Wang et al., 2022).

The strong contribution of historical counseling search variables indicates that counseling-related
information-seeking behavior exhibits temporal persistence. The dominance of counseling lag-1 and
lag-2 variables suggests that recent search intensity provides important information for predicting
subsequent counseling interest, indicating that online mental health behavior is not randomly
distributed but follows sequential patterns over time. Similar findings have been reported in previous
studies using digital search data, in which historical and selected search patterns contributed
substantially to improved prediction accuracy for mental health-related outcomes. For example,
Sumner et al. (2023) demonstrated that online symptom search data could accurately estimate monthly
suicide-related trends, highlighting the predictive value of temporally structured digital signals.
Furthermore, Takane (2025) showed that integrating multiple Google Trends search patterns with
appropriate variable selection methods improved suicide rate prediction, although the effectiveness
depended on contextual factors and population characteristics.

The contribution of anxiety and depression-related searches further highlights the relationship
between specific psychological symptoms and counseling interest. The higher importance of these
predictors suggests that individuals seeking counseling information may simultaneously express
concerns related to depressive and anxiety symptoms through online searches. This finding is
supported by previous machine learning studies showing that mental health-related indicators,
particularly depression and anxiety features, contribute significantly to predictive models of
psychological outcomes. Machine learning approaches incorporating Google Trends data have
demonstrated that anxiety-related and psychiatric search terms can serve as relevant predictors for
suicide attempt trends (Kachlik et al., 2025). Similarly, XGBoost-based mental health prediction models
have identified depression- and anxiety-related factors as important contributors when combined with
interpretable machine learning techniques (Kong et al., 2025; Vu et al., 2025; Xia et al., 2025).

The ability of XGBoost to identify the relative importance of counseling history, depression, and
anxiety indicators supports the suitability of nonlinear machine learning approaches for modeling
complex mental health search behavior. Unlike traditional linear models, XGBoost can capture
interactions among multiple predictors and identify hidden nonlinear relationships within high-
dimensional behavioral data(Chen & Guestrin, 2016). Previous research has demonstrated the
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effectiveness of XGBoost combined with SHAP interpretation for understanding influential predictors
in mental health applications, including depression prediction, anxiety assessment, and suicidal
ideation modeling (Benito et al., 2024; Manyam et al., 2025; Mimikou et al., 2025). The application of
SHAP in the current study provides additional interpretability by explaining how each search indicator
contributes to counseling interest, which is particularly important when predictive models are applied
to sensitive domains such as mental health (Di Martino & Delmastro, 2023; Joyce et al., 2023).

From a practical perspective, the forecasting framework provides an early-warning approach for
identifying potential increases in public demand for psychological information and counseling services.
By using historical search patterns and related psychological indicators, health organizations,
policymakers, and service providers can gain additional information to inform resource planning,
digital mental health campaigns, and timely intervention strategies. However, Google Trends
represents relative search intensity rather than the actual prevalence of mental health conditions.
Therefore, increases in search activity should be interpreted as changes in information-seeking behavior
rather than direct measurements of psychological disorders (Alibudbud, 2023). Additionally, the
current model does not incorporate socioeconomic factors, healthcare accessibility indicators, or major
social events that may influence mental health-related searches. Future studies may improve predictive
performance by integrating external variables, developing hybrid statistical-machine learning models,
or applying advanced deep learning architectures for digital mental health forecasting.

Conclusion

This study developed an XGBoost-based forecasting model to predict counseling-related Google
Search interest using monthly mental health-related search indicators from January 2011 to June 2026.
The temporal analysis identified an upward trend in counseling searches, particularly after 2018,
indicating growing public interest in psychological support and mental health information. The
findings demonstrate that Google Trends data can provide useful information for examining changes
in population-level mental health-related search behavior over time.

The XGBoost model successfully captured the temporal dynamics of counseling search interest by
incorporating historical search patterns and related mental health indicators. Feature importance and
SHAP analysis showed that previous counseling search behavior was the main factor influencing model
predictions, while anxiety and depression-related searches also contributed to the forecasting process.
The model demonstrated satisfactory predictive performance and captured nonlinear patterns in
mental health-related search behavior.

The results highlight the potential of machine learning-based forecasting to monitor changes in
public demand for mental health information and support services. Although Google Trends reflects
online search behavior rather than direct measures of mental health conditions, the proposed
framework may support early identification of shifts in public attention to psychological issues. Future
research may improve the model by incorporating additional socioeconomic, healthcare, and contextual
factors to provide a more comprehensive understanding of mental health-related trends.
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