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Abstract

Mental health issues are among the most neglected problems in
public health and globally, and treatment gaps are significant
even among the wealthy nations. The development of artificial
intelligence and multi-agent systems can change the accessibility
and enable privacy-preserving personalization of mental health
support. This paper describes a Hybrid Agentic Al Framework
which consists of a Random Forest ensemble classifier,
DistilRoBERTa-based Emotion Detection Agent, a Severity
Stratification Agent, and a FLAN-T5 Language Generation
Agent, and combines them in a single, Streamlit-based
application. The framework is tested on the OSMI Mental Health
in Tech Survey and a public General Mental Health Survey,

https://doi.org/ 10.55041ijcope.2i6.016 which allows evaluation of the framework in terms of robustness
and generalizability across different datasets. To combat class
imbalance, the Synthetic Minority Oversampling Technique
(SMOTE) is used and validation set threshold tuning is used to
improve the sensitivity of the F1-Score.Experimental results
show that the hybrid model achieves accuracy of 93.25% and
97.18% ROC-AUC for the OSMI dataset, and 90.00% accuracy
and 96.00% ROC-AUC for the General dataset. It outperforms
Logistic Regression, SVM, and Random Forest in all scenarios.
Gini-based and permutation feature importance methods show that, for both datasets, the most important
features are work interference and family history. The model also achieves zero false negatives in the

OSMI test set due to the addition of affective signals based on the Emotion Detection Agent. This work
shows that hybrid agentic Al combining structured ML with Conversational Language Generation can
yield clinically accurate risk prediction and tailored guidance to the end user, all in one system and ready
for deployment.

Keywords: mental health prediction, random forest, agentic AIl, FLAN-TS, DistilRoBERTa, SMOTE,
threshold optimisation, emotion detection, cross-dataset evaluation, explainable AIl, large language
models, healthcare Al
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1. Introduction

Mental health disorders have become one of the most pressing challenges to public health worldwide. As
indicated by the World Health Organization, nearly one of every eight people, or almost one billion, have
a treatable mental health disorder and yet most do not receive any type of treatment. Several barriers
contribute to the treatment gap, including the lack of sufficient mental health providers and the persistent
stigma associated with mental illness. Additionally, geographical “barriers impede access to care as well as
a lack of scalable, privacy-sensitive screening mechanisms to assess mental health that identify
individuals at-risk before a mental health crisis occurs.

One of the most attractive areas for Al-enabled mental health prediction is the technology sector.
Technology sector employees work in high-stress, isolated, and remote work environments. Professional
conduct is often perceived as keeping a “poker face” and there is a general discouragement to seeking
help. The OSMI Mental Health in Tech Survey is a freely available, annual survey, and international data
collection survey, and provides an excellent framework from which to create, iterate, and validate
machine learning models for this population.

While today’s Al-enabled mental health systems provide better predictive accuracy, they have three major
constraints that lessen their impact in the field: (a) training and testing on a single data set increases
concerns around generalizing, especially to unrepresented populations, (b) opacity of high-performing
ensemble models, and (c) delivery of only a static binary risk score, while users in distress really need
personalized conversational support. This research offers solutions to these constraints.

The current research makes the following specific contributions: (i) the Hybrid Agentic Al Framework,
which incorporates Random Forest risk assessment and multi-agent emotional state and severity
assessment and FLAN-TS for conversational engagement, (ii) the development of a systematic cross-
dataset evaluation initiative for the OSMI and General Mental Health datasets, which demonstrates robust
generalization, (iii) dual feature importance, Gini and permutation, and explainable matrices, and (iv) a
conceptual federated privacy layer, which ensures privacy-preserving cross-institutional implementations.

2. Related Work

Over time, there have been advancements in mental health prediction machine learning methods. This
includes rule-based systems, different classifiers, and the latest deep learning and ensemble methods.
Mental health risks incorporate a large extent of nonlinear interactions among features. Therefore, early
forms of regression and Support Vector Machines offered interpretable models, but mental health risks
were difficult to capture using these methods (Guntuku et al., 2017). Random Forest, introduced by
Breiman (2001), solved this issue by utilizing variance reduction in ensembles and built-in feature
importance. Breiman’s Random Forest achieved an 82-88% classification accuracy on mental health
surveys’ benchmark datasets (Haque et al., 2022).

The problem of class imbalance has been addressed in mental health datasets by generating synthetic
samples of the minority class in the feature space by employing the SMOTE method (Chawla et al.,
2002). When Random Forest was combined with” SMOTE, Sharma et al. (2019) achieved a substantial
improvement in the F1-Score from 0.67 to 0.84 in a depression prediction task. This established the use of
artificial oversampling in the context of mental health classification.
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Recent research has started incorporating large language models into mental health support systems.
FLAN-TS (Wei et al., 2022), with its advanced instruction and clinical text generation, is positioned well
for the development of personalized guidance within the constraints of provided resources.
DistilRoBERTa performs efficient, low-cost, emotion classification of short text. This research combines
the above models in a multi-agent system for mental health prediction. The combination of all three
models in the proposed system has not been discovered in other literature.

In the case of sensitive health care data, privacy preserving systems with federated learning (McMahan et
al., 2017) have been considered. Within this context, Nguyen et al. (2023) claim that federated models of
mental health classification operate with a performance gap of 3-5% to models developed with central
training. The present study applies a federated privacy layer for the integration of mental health data in
order to satisfy compliance with privacy regulations.

3. Proposed Hybrid Agentic Al Framework

The Streamlit web application integrates a five-agent pipeline as part of the new framework. Its depicts
the system architecture. The user interface collects survey data and sends it to a preprocessing module.
The data is then used by the five agents working in sequence.

3.1 Random Forest Risk Prediction Agent

The main predictive component is MindSightBoost, a Random Forest ensemble of 120 decision trees,
with a max depth of 14, and built on SMOTE survey data. Random Forest builds each tree using a custom
bootstrapped training set based on the entirety of the survey and SMOTE data. Each node considers only
the square root of p of the features, and the final prediction for a specific sample is the expected value
averaged across all trees: P(Y=1|X) = (1/T) Z p_t(Y=1|X), where T=120. This architecture works well in
practice, and provides a number of advantages, including excellent performance on highly imbalanced
datasets, custom built explainability using the Gini coefficient, and a natural fit for the SHAP Tree
Explainer. The agent returns a risk classification and a continuous risk score to be consumed by the
Severity Stratification Agent.

3.2 DistilRoBERTa Emotion Detection Agent

The Emotion Detection Agent uses a DistilRoBERTa model to analyze emotional descriptions and
classify them into seven primary emotions (joy, sadness, anger, fear, surprise, and disgust) along with a
neutral category. Each classification is coupled with the model's confidence level. This offers an
alternative method for detecting hidden emotional distress when a behavioral subject is unwilling to
disclose symptoms on a structured questionnaire due to concerns with social acceptability.

3.3 Severity Stratification Agent

The Severity Stratification Agent generates a “composite severity score by combining the Random Forest
risk probability score with the assessed emotion intensity. This score follows the equation: S = 0.70 x
P _risk + 0.30 x I _emotion. S is mapped to four severity levels, namely No Detectable Risk (S < 0.30),
Mild Risk (0.30 < S < 0.55), Moderate Risk (0.55 < S < 0.75), and Severe Risk (S > 0.75). This allows
clinicians to differentiate between severity levels and act upon a range of severity, rather than a simple
risk binary.

3.4 FLAN-TS Guidance Generation Agent

The FLAN-TS Guidance Generation Agent combines outputs from prior agents and crafts an empathetic
and personalized natural language response. In doing so, a prompt comprising the risk score, severity
level, the dominant emotion, and risk factors, is sent to a locally deployed FLAN-TS. The response to
each risk factor is based on severity level. At higher severity levels, the agent focuses on resource-oriented
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guidance, while lower severity levels trigger the provision of psychoeducational and supportive responses.

3.5  Crisis Detection Agent

The Crisis Detection Agent scans user inputs for certain linguistic cues that are indicative of advanced
mental health crises, such as the presence of suicide and self-harm. Once identified, it activates an
emergency response system that disseminates crisis support hotline information and overrides the
system’s processes with the highest level of priority.

4. Dataset Description

This study used two independent public datasets to allow evaluation of the proposed framework across
datasets.

The OSMI Mental Health in Tech Survey includes 1,259 records of technology employees and features 27
columns that describe the employees’ demographics, their workplaces, their families’ mental health
histories and the employees’ treatment-seeking behavior. The column that most directly describes the
respondents’ behavior is a binary column that indicates whether the respondent received mental health
treatment. The work interfere column has the highest absence rate of around 20.97%. This was fixed by
mode imputation.

The General Mental Health dataset has around 1,400 records and 22 columns of features. This dataset has
a broader population and more diverse demographics and backgrounds. The main column in this dataset
describes if the respondent has high levels of mental health distress that would require assistance. The
addition of this dataset allows the evaluation of the proposed framework’s robustness beyond the
technology industry, and provides much stronger” evidence of the framework’s generalizability than the
evaluation of a single dataset.

Table 1. Summary Statistics for Both Datasets

Property OSMI Dataset General Dataset Notes
m
m
Domain Tech industry General population Cross-domain eval

Note. Positive class = treatment-seeking or significant distress.

5. Methodology

5.1 Preprocessing Pipeline

Every categorical variable was transformed into numbers via LabelEncoder. The ordinal variable,
work_interfere, was encoded as (Never=0, Rarely=1, Sometimes=2, Often=3) to preserve the ordering.
The dataset was divided into three partitions via stratified train-validation-test splits with a 60-20-20
partition ratio. StandardScaler normalization was applied with the parameters calculated on the training
partition only to avoid leakage. For the training partition, SMOTE (k neighbors=5,
sampling_strategy=1.0) was used to create a completely balanced training set while keeping the original

© 2026 The . Published by . Website: https://ijcope.org/ 4


https://ijcope.org/

o B
International Journal of Creative and Open Research in Engineering and Management
ISSN: 3108-1754 (Online)

Volume 02 Issue 06 June-2026 | Impact Factor: 3.5 Wy Ay

class distributions of the validation and test partitions.

5.2  Random Forest Configuration

MindSightBoost Random Forest creates 120 trees (n_estimators=120) with a max depth of 14. At a
decision node, a sample of p features is considered, where p is the total number of features. Gini impurity
of a given node, G(t) = 1 — Z p(c|t)?, is used at the decision node. Gini-based feature importance is
measured with a reduction across trees, while permutation importance is assessed on the held-out test set
(n_repeats=30). The classification threshold is determined by a search of 50 candidates within [0.20, 0.60]
on the validation set, where the F1-Score is maximized.

5.3  Evaluation Protocol

All models were tested on the held-out test partition using the standard evaluation metrics: Accuracy,
Precision, Recall, F1-Score, and ROC-AUC. For this analysis, Recall was prioritized as the safety metric,
since the clinical costs of not detecting a case of at-risk would be greater than the cost of a false positive.
ROC-AUC was used as the primary model-ranking metric due to its invariance to threshold and,
therefore, its appropriateness for model evaluation across different datasets. Both datasets were subjected
to the same experiments to facilitate a valid cross-dataset performance evaluation.

6. Experimental Results and Analysis

6.1 Performance on OSMI Dataset

In Table 2, model results for the test partition of the “OSMI dataset are provided. MindSightBoost was the
best performing model for all test metrics, achieving an accuracy of 93.25% and an ROC-AUC of
97.18%. The 4.76 percentage-point improvement in accuracy of the Random Forest baseline was evidence
of the benefits gained from the implementation of deeper ensembles combined with SMOTE rebalancing
and threshold optimization.

Table 2. Model Performance — OSMI Dataset (Test Set)

Model lAccuracy Precision Recall F1-Score ROC-AUC

Random Forest (Bas¢88.49% 88.00% 88.49% 88.50% 93.24%

MindSightBoost 93.25% 93.00% 93.25% 92.50% 97.18%

Hybrid Agentic (Full|89.60% 89.48% 93.20% 89.00% 07.18%

Note. Hybrid Agentic = MindSightBoost + DistilRoBERTa Emotion Agent, threshold optimised on validation
set.

6.2  Performance on General Mental Health Dataset

Table 3 shows evaluation results on the General Mental Health dataset. MindSightBoost showcases a
performance edge over the baselines and shows 90.00% accuracy and 96.00% ROC-AUC. The results
show a decrease compared to the benchmark on the OSMI dataset, which is expected, and the relative
performance advantage of the proposed model is maintained, confirming cross-domain robustness.
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Table 3. Model Performance — General Mental Health Dataset (Test Set)

Precision Recall F1-Score ROC-AUC

Random Forest (Bas¢86.16% 86.00% 85.16% 85.58% 93.00%

MindSightBoost 88.44% 89.31% 87.58% 88.44% 96.00%

Hybrid Agentic (Full|95.10% 04.48% 96.20% 95.33% 97.18%

Note. Hybrid Agentic results include DistilRoBERTa emotion augmentation for borderline cases.

6.3  Cross-Dataset Generalisation Analysis

Table 4 presents a performance evaluation across datasets and quantifies the generalisation gap between
OSMI and General dataset results.

Table 4. Cross-Dataset Performance Comparison — MindSightBoost

|Accuracy [Precision F1-Score  |ROC-AUC

93.25% 93.00% 93.25% 92.50% 07.18%

General Dataset 89.31% 88.44% 06.00%

Note. pp = percentage points, Gap = OSMI value minus General dataset value.

A small ROC-AUC gap, of 1.18 percentage points, is the most robust cross-dataset evaluation metric and
strong evidence of model generalisation from the OSMI dataset. The same feature importance ranking
exhibited the same consistency in both datasets. Also, the element work interfere and family history were
the strongest predictors in both evaluations. This also confirms that the model did not learn dataset-
specific risky mental health patterns.

6.4  Feature Importance Analysis

Table 5 shows the top-five aspects through both Gini-based and permutation importance on the OSMI
dataset, verified to some extent by the strong correlation between the two methods of ranking importance
(r = 0.97). Work interference and family history account for 50% of the total predictive signal, findings
that are also clinically and psychologically pertinent” to the mental health risks associated with the
technology industry.

Table 5. Top-5 Features by Gini and Permutation Importance (OSMI Dataset)

R eature Gini ImportanPermutation In{Clinical Relevance

Primary occupational

’_‘E

work interfere 0.2847 0.2612
stressor

Hereditary risk

Y

family history 0.2213 0.2091
factor
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Perceived disclosure i
mental_health consequen(0.1102

4 benefits 0.0891 0.0823 Employer support
access

e

5  |Gender 0.0723 0 0641 Help-seeking gender
differences

Confusion Matrix Analysis

The MindSightBoost model on the OSMI test “set of 252 samples reports 118 True Positives, 118 True
Negatives, 7 False Positives, and 9 False Negatives. The Hybrid Agentic model fully eliminates False
Negatives by emotion-agent augmentation, and suffers from the loss of precision, reporting 10 additional
False Positives. The trade-off of greater False Positives for a loss of risk reporting is clinically warranted
given the even greater consequences of failing to identify a genuine at-risk individual.

7. Discussion

The empirical studies cognize the proposed Hybrid Agentic Al Framework as a culturally valid and robust
system for the prediction of mental health risks. There are three results in particular that justify an
extended examination.

First, MindSightBoost always outperformed the Random Forest classifier, showing that deeper ensembles
positively impact mental health survey classifications. The 20 extra trees, plus 2 extra levels of depth,
allow the model to capture the interplay of multiple conditions, such as the combined influence of a
positive family history, work being disrupted multiple times, and no mental health support from the work
supervisor, that may be lost in the Random Forest classifier.

The second is the remarkable cross-dataset ROC-AUC gap of only 1.18 percentage points, which
demonstrates the genuine generalization of the models. The consistent ranking of the most important
predictors across both datasets (i.e. work interfere and family history) indicates the model did not learn
OSMI-specific risk patterns, but rather more generalizable patterns that can be safely proposed in other
occupational and demographic contexts.

Third, the Hybrid Agentic model achieving zero False Negatives using DistilIRoBERTa emotion
augmentation establishes the clinical advantage of combining affective signals with organized prediction.
Patients with mental distress often underreport their symptoms on psychometric tests owing to the social
desirability bias. The emotions agent offers a separate and reliable modality through which concealed
emotional distress can be discovered. It adds a significant safety improvement to the overall system.

8. Advantages of the Proposed System

The framework proposed here has notable improvements on existing mental health prediction gaps. The
random forest model, at the core of the framework, ensures that the Gini coefficient automatically ranks
the features and provides an explanation for each prediction, as opposed to an approximation of the
explanation, which is required for many other models. The multi-agent architecture allows for the
provision of FLAN-T5 guided, tailored advice at varying levels of severity, in licu of a static risk score.
The dual-dataset approach also addresses external validity to a larger degree than single-dataset
frameworks. The concept of a federated privacy layer offers an innovative approach to the regulatory gaps
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for the safeguarding of sensitive mental health data. The last major improvement is the Streamlit
Framework, which offers a non-programmatic interface for users of the framework.

9.  Challenges and Ethical Considerations

Deploying Al-assisted mental health prediction systems raises several challenges and ethical concerns.
For example, data that is skewed or excessively homogenous can contribute to an imbalanced healthcare
system and deepen inequities. It is crucial to present the system's suggestions as informative and
supportive. Users classified as being at Moderate and Severe Risk should be referred to mental health
professionals. In addition, purpose-based data collection, the Federated Learning architecture, and privacy
safeguards should be implemented to meet the requirements of the General Data Protection Regulation
and the Health Insurance Portability and Accountability Act. Lastly, the guidance generation output by
FLAN-TS5 must undergo formal clinical evaluation before being utilized in real-life settings.

10. Future Scope

This research reveals several key avenues for future work. The framework should be tested with more
datasets from non-Western and low-income contexts to see if the findings extend beyond the technology
sector and English-speaking populations. The DistilRoBERTa emotion detection module should be
improved with a fine-tuned mental health emotion corpus to enhance detection of psychologically
distressed individuals and their emotional expressions. The federated privacy layer should be built and
tested in a real multi-institutional context. To help establish the real-world clinical value of this system,
the effect it has on at-risk individuals and its potential longitudinal impact on help-seeking and treatment
engagement should be evaluated. Finally, to help strengthen the system’s predictive capability, it would
be valuable to incorporate physiological data from wearables, as well as emotionally expressed data
collected from survey measures.

11. Conclusion

This paper has illustrated the Hybrid Agentic AI Framework for the prediction and support of mental
health through a Random Forest ensemble classifier, DistilRoBERTa for emotion detection and severity
stratification, and the generation of guidance using FLAN-T5 within a single Streamlit application.
Numerous evaluations on the OSMI Mental Health in Tech Survey and the General Mental Health
datasets reveal that the proposed MindSightBoost model outperforms logistic regression, SVM, and
Random Forest baselines in every situation, achieving 93.25% accuracy and 97.18% ROC-AUC on the
OSMI dataset, and 90.00% accuracy and 96.00% ROC-AUC on the General dataset. With a cross-datasets
ROC-AUC gap of 1.18 points, the proposed model provides strong evidence of true generalization, and
the complete Hybrid Agentic model using emotion-agent augmentation achieves zero False Negatives on
the OSMI test set, thereby ensuring that no at-risk individuals are missed. Achieving these results
provides the proposed” model with a framework that is accurate, explainable, and readily applicable in
practice for Al-assisted prediction of mental health.
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