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Employee mental health is increasingly recognized as
essential for sustainable organizational performance,
particularly in technology sectors where work intensity
and psychological strain are prevalent. This study
leverages machine learning to identify predictors of
treatment-seeking behavior using the Open Sourcing
Mental Illness (OSMI) dataset, which includes 1,387
anonymized responses from the 2014 OSMI survey. The
survey examines employees’ experiences and perceptions
of mental health in the global tech industry. Through data
cleaning and encoding, key factors influencing help-
seeking behavior were identified, including family history
of mental illness and work interference due to
psychological distress. Two machine learning models,
Decision Tree and K-Nearest Neighbour (KNN), were
employed for prediction. The Decision Tree model
achieved an accuracy of 73%, while KNN attained 100%,
suggesting high predictive power, albeit with potential
overfitting risks. These findings align with recent studies
promoting the integration of Al-driven analytics in
workplace wellness programs to detect hidden behavioral
trends and enable early interventions. The results
demonstrate that machine learning models can offer
valuable insights into employee well-being and
preventative strategies. Future research should focus on
incorporating larger, more diverse datasets and adopting
explainable Al (XAIl) techniques to enhance
interpretability, fairness, and trust in predictive systems
for mental health in the workplace.
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. INTRODUCTION

Workplace mental health is increasingly acknowledged as a critical determinant of both
individual well-being and organizational success [1], [2], [3]. It plays a significant role in
influencing employees’ cognitive abilities, decision-making, and overall productivity, which are
crucial for fostering sustainable organizational growth. Mental health challenges, such as stress,
anxiety, and depression, can severely impair an employee's performance, leading to higher
absenteeism, burnout, and reduced job satisfaction. Given the increasing demand for efficiency and
the evolving nature of work environments, addressing mental health in the workplace has become
paramount. The World Health Organization (WHO) highlights that mental health is an essential
aspect of overall health, emphasizing its importance in achieving organizational and societal well-
being [4]. In sectors like technology, employees often face additional pressures due to long working
hours, tight deadlines, and job insecurity, which can heighten the risk of mental health issues [5].

Despite the growing recognition of the importance of mental health in the workplace,
significant barriers remain in addressing these challenges. Stigma surrounding mental health
continues to prevent many employees from seeking help, with fears of judgment or negative
consequences. Moreover, limited resources and unequal access to mental health care exacerbate
these issues, creating disparities in support for employees facing psychological distress [6], [7].
These barriers contribute to underutilization of mental health services in many organizations,
hindering efforts to create a supportive and inclusive work environment. As a result, there is a
pressing need for strategies that not only encourage employees to seek help but also provide
accessible and effective mental health resources.

Most existing research has primarily focused on documenting the prevalence of mental health
issues in the workplace or identifying common risk factors [8]. While these studies have contributed
to our understanding of the scope of the issue, they often stop short of offering actionable insights
that can help organizations address mental health problems proactively. Few studies have explored
predictive approaches to treatment-seeking behavior, and there is a significant gap in research that
focuses on identifying the underlying factors that drive employees to seek or avoid mental health
treatment [9]. This gap highlights the need for innovative methodologies that go beyond descriptive
statistics to uncover hidden behavioral patterns and predictors of mental health treatment.

To fill this gap, the present study applies machine learning models to the Open Sourcing
Mental lliness (OSMI) dataset, which contains responses from 1,387 employees in the global
technology sector. This dataset includes demographic and workplace variables such as age, gender,
employment type, family history of mental illness, and work interference due to psychological
distress. By leveraging machine learning classifiers such as Decision Tree and K-Nearest Neighbors
(KNN), the study aims to predict treatment-seeking behavior, providing insights into the key
determinants that influence employees' decisions to seek help for mental health concerns. These
models can uncover hidden patterns within the data, helping organizations better understand the
factors that contribute to mental health challenges and shape their intervention strategies.

The research contributes to positioning machine learning as a transformative tool for workplace
wellness, aligning with recent advancements in Al-driven mental health applications [10], [11],
[12]. By using predictive analytics, organizations can develop early detection systems for mental
health issues, allowing for more targeted interventions. This approach not only enhances
organizational strategies for promoting employee well-being but also facilitates the development of
personalized mental health programs that address the specific needs of different employee groups.
Ultimately, this study demonstrates the potential of machine learning in improving workplace
mental health initiatives, supporting the creation of healthier and more productive work
environments.
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1. LITERATURES REVIEW

Workplace conditions such as excessive workload, discrimination, and low job control are
well-established contributors to mental health problems. These stressors can lead to significant
psychological distress, which, in turn, affects employees' productivity, engagement, and overall
well-being. The World Health Organization (WHOQ) estimates that nearly 15% of working-age
adults experience mental health challenges, a figure that is concerning given the substantial
implications for individual and organizational health. The impact on the workforce is not only felt
in terms of decreased morale and productivity but also manifests in increased absenteeism and
presenteeism, where employees remain at work but are unable to perform optimally. These
workplace conditions contribute to a significant burden on both employees and employers, making
it crucial to address mental health in the workplace more effectively [4].

Mental health problems, particularly depression and anxiety, are not only a burden on
individuals but also on the global economy. According to WHO, these conditions alone account for
over USD 1 trillion annually in lost productivity worldwide, a figure that is projected to rise unless
more effective interventions are implemented [6]. The consequences of untreated mental health
conditions extend beyond the workplace and can have long-term effects on physical health.
Conditions like chronic pain, cardiovascular diseases, and gastrointestinal problems are often
exacerbated by untreated psychological distress, highlighting the interconnectedness of mental and
physical health. This underscores the importance of addressing mental health issues proactively in
organizational settings, not just to protect employees' well-being but also to safeguard
organizational performance and reduce the broader societal impact of untreated conditions [13].

While many organizations have established wellness programs aimed at supporting employee
mental health, significant barriers remain in encouraging employees to seek treatment. Stigma
surrounding mental health issues, coupled with the fear of negative consequences such as job loss
or discrimination, prevents many individuals from disclosing their conditions or seeking help. This
resistance to treatment-seeking behavior is particularly problematic as it means that mental health
issues often go unaddressed, leading to more severe outcomes. These barriers to care, along with
the complex dynamics of the workplace, suggest that a more targeted approach is needed to identify
and intervene with employees at risk before their mental health deteriorates further [7]. Addressing
these challenges requires a deeper understanding of the factors that influence treatment-seeking
behavior.

Most existing literature on workplace mental health has focused on descriptive analyses, such
as documenting prevalence rates and identifying common workplace risk factors. While these
studies provide valuable insights into the scope of mental health issues in the workplace, they fall
short of offering actionable strategies for prevention or early intervention. This gap highlights the
need for more advanced methodologies, such as predictive modeling, which can identify at-risk
employees before their conditions worsen. Recent developments in computing, particularly in
machine learning, have opened new opportunities to address this gap. Machine learning algorithms,
such as Decision Trees and K-Nearest Neighbors (KNN), have shown strong potential in health-
related prediction tasks due to their interpretability and ability to capture nonlinear relationships
between variables [10], [14]. These models can uncover patterns in data that are not easily
identifiable through traditional statistical methods, providing insights into which employees may be
at risk of developing mental health issues.

In addition to basic machine learning models, more advanced techniques such as Random
Forest, Gradient Boosting, and Neural Networks have been explored to improve prediction
accuracy and reduce overfitting risks. These models offer improved robustness and can handle
complex, high-dimensional data, which is often encountered in mental health research. Al-powered
workplace interventions are increasingly seen as cost-effective and scalable methods for enhancing
employee well-being. Such systems can provide real-time support to employees, identifying early
signs of distress and offering personalized interventions before issues escalate. These advancements
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illustrate a broader shift in workplace mental health research, moving from descriptive analysis to
predictive analytics. Machine learning is becoming a powerful tool in developing proactive
organizational strategies that not only identify mental health risks but also optimize interventions to
enhance overall employee well-being [11] [12].

I1. FRAMEWORK

Despite the growing recognition of workplace mental health as a critical determinant of
employee well-being and organizational productivity, many individuals continue to experience
untreated mental health conditions. Stress, long working hours, and organizational pressures are
strongly linked to mental health issues such as depression, anxiety, and long-term physical health
risks, including cardiovascular disease [4], [7]. Research has further shown that untreated mental
health issues often manifest in physical symptoms, further emphasizing the importance of early
detection and timely intervention [12], [15]. While previous studies have documented the
prevalence of mental health issues and identified risk factors, relatively few have investigated the
predictive determinants of treatment-seeking behavior, particularly in the context of demographic
variables such as age, gender, and family history, alongside workplace factors like job type and
work interference [6], [7]. This gap highlights the need for more proactive, evidence-based
interventions that can address mental health challenges before they escalate.

Machine learning presents a powerful solution to bridge this gap by uncovering hidden patterns
in workplace mental health data. Algorithms like Decision Trees and K-Nearest Neighbors (KNN)
are particularly well-suited for modeling treatment-seeking behavior, offering predictive insights
that extend beyond traditional statistical methods [10], [11]. These algorithms can capture complex
relationships between various demographic and workplace factors, helping to identify individuals at
risk of mental health issues and offering potential avenues for early intervention. By applying these
techniques, organizations can move from merely describing the problem to proactively predicting
and addressing it. This approach aligns with recent shifts in workplace wellness strategies, which
emphasize the use of predictive analytics to drive more effective mental health initiatives.

This study aims to fill the existing knowledge gap by applying supervised machine learning
models to the Open Sourcing Mental Iliness (OSMI) dataset, specifically to identify the key
predictors of treatment-seeking behavior in the technology sector. The objectives of the study are
twofold: first, to identify the key demographic and workplace factors influencing employees’
decisions to seek mental health treatment, and second, to develop and evaluate machine learning
models capable of predicting treatment-seeking behavior. By demonstrating how predictive
analytics can guide innovative and evidence-based workplace wellness strategies, this research
contributes to the ongoing efforts to integrate Al-driven solutions into organizational mental health
programs.

IV. METHODS

This research draws upon the Open Sourcing Mental Iliness (OSMI) 2014 survey, publicly
available on Kaggle. The dataset contains anonymized responses from employees working in the
technology sector, capturing their experiences, perceptions, and treatment-seeking behaviors related
to mental health. It provides a relevant foundation for examining both demographic and workplace
factors through predictive modeling. The dataset required substantial cleaning before modeling due
to the presence of outliers and inconsistencies.

Table 1. Summary of Data Cleaning Actions for Age and Gender Variables
Valid Range/Labels

Variable Example of Invalid Values Cleaning Action .
After Cleaning
Age -1726, -29, -1, 329, 99999999999 Removed unrealistic and extreme values  18-72 years
Gender “Male”, “M”, “m”, “FEMALE”, “f” Converted to lowercase and standardized male, female
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Table 1 provides a summary of the data cleaning procedures applied to the dataset. This
included the removal of invalid age entries to ensure accurate demographic information.
Additionally, gender categories were standardized to ensure consistency across the dataset.

Categorical variables including gender, family history of mental illness, employment type, and
perceptions of workplace support were converted into numerical representations suitable for
machine learning algorithms. Correlation analysis was employed to examine the strength and
direction of relationships between variables, helping to identify potential predictors of treatment-
seeking behavior. Model performance was further evaluated using confusion matrices, which
provided insight into accuracy, sensitivity, and misclassification rates beyond overall accuracy [16].

The analytical framework followed a structured pipeline comprising four key stages: data
acquisition, preprocessing, encoding and modeling. This approach ensured systematic handling of
the dataset from raw data cleaning to predictive evaluation.

In the modeling phase, two supervised algorithms Decision Tree and K-Nearest Neighbors
(KNN) were selected as baseline classifiers. These methods were chosen for their interpretability,
simplicity, and suitability for exploratory health-related research. Decision Trees produce explicit
decision rules, while KNN classifies based on feature similarity, offering a complementary non-
parametric approach [17], [18]. Both models have been widely applied in prior health informatics
studies and serve as useful benchmarks before applying more complex methods [14], [19].

Visualization techniques, including heatmaps and bar charts, were used to present correlations
and highlight important predictors, while performance metrics ensured rigorous model evaluation.
This pipeline provided a transparent, replicable structure for integrating workplace mental health
research with machine learning, aligning with recent calls for data-driven approaches in mental
health prediction [11], [12].

V. RESULTS
Objective 1: Identifying factors influencing employees’ treatment-seeking behavior.
Age Distribution

Following the cleaning process, a histogram of respondent ages was generated in Figure 1. The
results indicate that the majority of respondents are concentrated between 20 and 40 years old, with
fewer participants above 50.

Histogram of Age
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Figure 1. Histogram of Age Distribution of Respondents

Descriptive statistics are presented in Table 2. The average age of respondents was 32 years
with a median of 31 and a mode of 29 reflecting a workforce dominated by young adults. The
standard deviation of 7.5 years suggests moderate variation, though the skew remains toward early-
and mid-career individuals.
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Table 2. Descriptive Statistics of Cleaned Age Values

Statistic Value
Minimum 18
Maximum 72
Mean 32.1
Median 31
Mode 29
Standard Deviation 7.5

Gender Distribution

The cleaned dataset revealed that the workforce is predominantly male. As illustrated in Table
3, male respondents made up 79% of the sample. In contrast, female respondents represented only
21% of the sample.

Table 3. Distribution of Respondents by Gender

Gender Count Percentage
Male 1,095 79%
Female 292 21%

This gender imbalance reflects the broader trend in the technology sector, where female
participation remains limited. As a result, the dataset may be more representative of the experiences
of male workers. This should be taken into account when generalizing the findings to the larger
workforce.

Distribution of Employment Type Among Respondents

The dataset also included information on the employment type of respondents, as shown in
Figure 2. The results indicate that 88% of respondents were not self-employed. In contrast, only
12% identified as self-employed.

12%

No Yo<

Figure 2. Distribution of Employment Type Among Respondents

This imbalance indicates that the dataset primarily reflects organizational employees, whose
experiences are shaped by structured workplace environments, policies, and employer-provided
support systems. In contrast, self-employed individuals, though present, constitute a minority and
may face unique challenges such as financial instability and lack of institutional support.
Consequently, the findings are more representative of corporate and organizational work contexts
than freelance or entrepreneurial work.

Family History of Mental Iliness Among Respondents

The analysis of family history showed that 39% of respondents reported a family history of
mental illness. In contrast, 61% of respondents indicated that they did not have a family history of
mental illness. This distribution is illustrated in Figure 3.
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Figure 3. Family History of Mental Illness Among Respondents

This finding is significant because family history is strongly associated with treatment-seeking
behavior. Individuals with a family history are more likely to recognize symptoms and access
professional help, consistent with global research on mental health risk factors from WHO. In this
dataset, family history emerged as one of the most influential predictors in the machine learning
models, underlining its importance as a workplace mental health indicator.

Work Interference of Respondents Due to Mental Health

Work interference was also a critical factor in the dataset as in Figure 4. The results showed
that 37% of respondents reported severe interference, while 14% reported significant interference,
meaning that over half (51%) of the workforce experienced substantial workplace disruption due to
mental health challenges. By contrast, only 17% reported no interference.
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Figure 4. Work Interference of Respondents Due to Mental Health

These findings highlight the significant impact of mental health on workplace productivity.
This aligns with Burton's research, which found strong links between mental health issues,
absenteeism, and presenteeism [5]. In addition, work interference was identified as a strong
predictor of treatment-seeking behavior, further emphasizing its importance in predictive modeling.
Treatment-Seeking Behavior

As shown in Figure 5, the distribution of treatment-seeking behavior among respondents was
nearly balanced, with 51% reporting that they had sought treatment for a mental health condition,
compared to 49% who had not. This suggests that while awareness of mental health issues is
growing in the technology workforce, nearly half of employees still avoid or delay seeking
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professional help. Barriers such as stigma, lack of awareness, and accessibility of services may
contribute to this finding.

o

0o

reatmant

Figure 5. Distribution of Survey Respondents by Treatment Status

Correlation Analysis

The correlation heatmap in Figure 6 offers additional insights into the relationships between
variables in the dataset. It visually represents the strength and direction of correlations among
different factors. This helps identify key interactions that may influence treatment-seeking behavior.

Figure 6. Correlation Heatmap of Survey Variables

The results highlighted several important associations. Work interference showed a strong
positive correlation with treatment-seeking, indicating that employees whose job performance was
more disrupted were more likely to seek professional help. Who found that workplace stressors
significantly affect employee well-being [5]. Similarly, family history demonstrated a moderate
positive correlation with treatment, underscoring the role of personal background in shaping
awareness and response to mental health issues [20].

A strong relationship was also found between mental and physical health consequences,
reflecting how untreated psychological conditions often manifest as physical symptoms, reinforcing
earlier [6]. Organizational factors showed weaker but still relevant links. Wellness programs and
care options had weak-to-moderate correlations with treatment-seeking, suggesting that while such
resources encourage help-seeking, their availability alone is insufficient [20]. Additionally, a weak
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negative correlation between organization size and remote work suggested that larger companies
were less likely to have remote workers, possibly due to structural limitations. Overall, these
findings indicate that family history and work interference are the strongest predictors of treatment-
seeking, while organizational resources and policies play a smaller but supportive role in shaping
mental health outcomes.
Objective 2: Predicting Treatment-Seeking Behavior using Machine Learning <odels
Machine Learning Model Performance

Two machine learning classifiers were developed to predict treatment-seeking behavior: K-
Nearest Neighbors (KNN) and Decision Tree. These machine learning models were employed to
predict whether a respondent was likely to seek treatment based on features such as family history,
work interference, and employment status. Performance results are summarized in Table 4.

Table 4. Accuracy Performance of Classification Models

Model Accuracy
K-Nearest Neighbors 100%
Decision Tree 73%

The KNN classifier achieved perfect accuracy (100%), significantly outperforming the
Decision Tree classifier (73%). This result indicates that feature similarity (e.g., individuals with
similar family history and workplace experience) is highly predictive of treatment-seeking
behavior. These findings demonstrate the potential of predictive analytics in workplace mental
health, enabling organizations to identify at-risk employees and proactively provide support.
Evaluating Models

The Decision Tree classifier achieved an accuracy of 73%, with precision, recall, and F1-score
also at 0.73. The corresponding confusion matrix as in figure 7 revealed that the model correctly
classified 92 respondents who did not seek treatment (true negatives) and 92 respondents who did
(true positives). However, it also misclassified 37 respondents as not seeking treatment when they
actually had (false negatives) and 31 respondents as seeking treatment when they had not (false
positives). This indicates that while the model demonstrates moderate predictive ability, the
relatively high number of false negatives is concerning in workplace applications, as employees
needing support may go undetected.

Figure 7. Confusion Matrix for Decision Tree

By contrast, the KNN classifier achieved perfect classification performance (100%) across all
metrics. The confusion matrix as in figure 8 showed that all cases were correctly classified with no
false positives or false negatives. This suggests that feature similarity, such as family history and
work interference patterns, is a highly reliable predictor of treatment-seeking behavior.
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Figure 8. Confusion Matrix for K-Nearest Neighbors (KNN)

From a practical perspective, the results imply that KNN may be better suited for workplace
applications as it minimizes the risk of overlooking employees who might otherwise go undetected.
Given the sensitive nature of mental health, models with higher sensitivity and balanced precision
are preferable for supporting organizational decision-making. However, the perfect performance of
KNN should also be approached cautiously as it may indicate potential overfitting, requiring further
validation on larger or external datasets.

VI. DISCUSSION

Overall, the findings across both objectives establish a coherent narrative. Personal exposure,
such as family history, and contextual strain, such as work interference, emerged as the strongest
motivators for help-seeking behavior. Additionally, machine learning techniques, particularly
similarity-based algorithms like KNN, were found to accurately forecast such behavioral
tendencies, providing empirical evidence for technology-driven wellness solutions.

These results support the shift from descriptive to predictive analytics in occupational
psychology. By leveraging algorithmic insights, organizations can proactively anticipate employee
needs instead of responding reactively. This integration of data science into workplace wellness
programs aligns with the growing trend toward Al-assisted psychological support systems [11],
[12].

The findings also have important managerial implications. Employers should focus on
initiatives that reduce work interference, such as implementing flexible scheduling, stress
management training, and providing confidential access to mental health services. Promoting
openness around mental well-being can help minimize stigma. Additionally, adopting machine
learning tools could facilitate early screening for potential mental health risks before they escalate
into absenteeism or productivity losses.

VII. CONCLUSION

This study set out to examine the determinants of treatment-seeking behaviour among
employees and to evaluate the predictive capability of machine-learning models using the OSMI
dataset. The analysis revealed that family history of mental illness and work interference resulting
from psychological distress were the most influential predictors of employees’ willingness to seek
professional help. Workers who experienced disruptions in job performance or who had prior
family exposure to mental-health issues showed significantly higher readiness to pursue treatment,
underscoring the interconnection between psychological well-being and occupational functioning.

The predictive analysis demonstrated that both the Decision Tree and K-Nearest Neighbour
(KNN) algorithms could classify treatment-seeking tendencies with satisfactory accuracy. The
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Decision Tree model provided interpretable results but moderate precision, while the KNN model
reached high accuracy levels, reflecting its sensitivity to feature similarity. These findings echo
recent empirical research that has identified machine-learning models as promising tools for early
detection of mental-health risks, provided that sufficient data quality and cross-validation are
ensured [16].

From a practical standpoint, embedding artificial-intelligence (Al) systems into workplace
wellness programmes gives organisations the upper hand in spotting risk indicators before things
escalate. Predictive analytics can be instrumental in crafting tailor-made interventions, lowering
absenteeism and bolstering staff resilience. However, deploying these Al-powered tools also brings
up key challenges around fairness, transparency and data privacy, as underscored in some recent
reviews of Al-enabled mental-health solutions [21], [22]. Organisations must therefore ensure that
algorithmic decisions are explainable, heed employee consent and protect sensitive information to
maintain trust in these systems.

Future research should aim to broaden the scope of available datasets by incorporating a wider
range of occupational settings and cultural groups to enhance the generalisability of predictive
findings. Integrating multimodal indicators including behavioural patterns, self-reported
experiences, and physiological signals can strengthen the precision and contextual relevance of
mental-health prediction models. Moreover, the adoption of explainable artificial intelligence (XAI)
frameworks is essential to improve model transparency, interpretability, and accountability. Recent
studies emphasise that explainable and ethically guided Al approaches are fundamental to fostering
user trust, ensuring privacy protection, and maintaining fairness in automated decision-making for
mental-health applications [23], [24], [25].

In sum, this study contributes empirical evidence that combining psychometric assessment with
predictive analytics strengthens the understanding of workplace mental-health dynamics. By
embedding machine-learning insights into organisational well-being strategies, institutions can
move from reactive support to preventative care such as fostering healthier, more adaptive, and
sustainable work environments.
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