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Abstract: This study investigated the 

demographic distribution, predictor 

relationships, and model performance 

concerning factors influencing work 

interference among employees. A Chi-square 

goodness-of-fit test revealed a significant 

gender imbalance in the sample, with 60% 

males and 40% females (χ² = 6.00, p = 0.014), 

indicating a deviation from an expected equal 

distribution. Despite this, gender differences 

had minimal effect on the main outcomes. 

Variance Inflation Factor (VIF) analysis 

confirmed the absence of multicollinearity 

among predictors, with the maximum VIF 

recorded at 2.10 and the mean VIF at 1.45. 

Cross-validation of Ridge, LASSO, and Elastic 

Net regression models produced low Root 

Mean Squared Error (RMSE) values, with 

Ridge Regression achieving the best fit (RMSE 

= 4.74). Pseudo R-squared values ranged 

between 0.42 and 0.44, highlighting the 

models' moderate explanatory power. 

Standardized coefficients identified Job Stress 

as the most influential predictor, followed by 

Workload, Support from Supervisor, Work-Life 

Balance, Organizational Commitment, and Job 

Autonomy. The findings underscore the critical 

role of reducing stress and workload to 

minimize work interference and improve 

organizational productivity. Recommendations 

include strategic interventions targeting stress 

management and balanced work demands, 

alongside improving supervisory support 

structures. 
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1.0 Introduction 

Mental health affects people’s emotional, 

psychological and social well-being. It affects 

how people think, feel, and act, as well as helps 

in determining how individuals handle stress, 

relate to others, and make choices. Mental 

health issues are a growing concern worldwide, 

affecting over 1 billion people (Bull et al., 

2020). In the United States, Mental health 

issues affect over 47 million adults (19.1% of 

the adult population) in 2020 (Teachman et al., 

2019). In workplace, communication and 

inclusion are key skills for successful high 
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performing teams or employees. The impact of 

mental health to an organization can mean an 

increase of absent days from work and a 

decrease in productivity and engagement. 

Predicting mental health consequence is crucial 

for early intervention and effective treatment. 

Various statistical and machine learning 

techniques have been employed to model 

mental health data, including logistic 

regression, decision trees, random forests, and 

neural networks. Logistic regression is widely 

used in mental health research to model binary 

outcomes (e.g., presence/absence of 

depression). However, traditional logistic 

regression assumes linearity and independence 

of predictor variables, which is often violated 

in mental health data due to either 

multicollinearity or presence of other complex 

structures. Regularization techniques, such as 

Ridge, Least Absolute Shrinkage and Selection 

Operator (LASSO), and Elastic Net, have been 

introduced to address multicollinearity and 

improve model performance. These techniques 

reduce model complexity by shrinking or 

setting coefficients to zero. Precisely, Ridge 

regression (Hoerl & Kennard, 1970) reduces 

coefficients proportionally, while LASSO 

(Tibshirani, 1996) sets coefficients to zero. 

Elastic Net (Zou & Hastie, 2005) combines 

Ridge and LASSO.  

A recent paper by (Nur et al., 2024) studied 

Infant mortality rate using regression analysis 

with the goal to identify influential factors, 

establishing the appropriateness of 

regularization techniques such as Ridge 

regression, LASSO, and Elastic Net. The study 

evaluated the performance of the regularized 

methods in handling multicollinearity issues, 

utilizing infant mortality rate data in South 

Sulawesi Province. Their results indicated that 

the Elastic Net method outperformed both 

Ridge and LASSO methods, demonstrating 

that the application of Elastic Net method is 

capable of producing more accurate results in 

modeling the variables within the analysis of 

infant mortality rate data compared to other 

methods. However, the penalized linear 

regression model adopted in that study can only 

work on continuous responses. There are real-

life cases where the response variable has two, 

three or more possible categories. In such case, 

it would be necessary for the penalized 

methods to be extended to logistic or 

multinomial logistic regression model to tackle 

the limitation of the penalized linear regression 

model. 

Ridge logistic regression (RLR) adds a penalty 

term to the log-likelihood function of the 

traditional logistic regression to reduce 

coefficient values, and has been applied in 

mental health research to predict depression 

(Kessler & Zhao, 2010) and anxiety disorders 

(Wittchen et al., 2014). For example, these 

studies have shown that in the United States, 

approximately 70% of adults with depression 

are in the workforce. Employees with 

depression would miss an estimated 35 million 

workdays a year due to mental illness; and that 

those workers with unresolved depression were 

estimated to encounter a 35% drop in their 

productivity, costing employers about USD105 

billion each year. LASSO logistic regression 

(LLR) sets coefficients to zero, performing 

feature selection and reducing model 

complexity. LLR has been used to predict post-

traumatic stress disorder (Naifeh et al., 2022) 

and suicidal ideation (Bryan et al., 2015). 

Elastic Net logistic regression (ENLR) 

combines Ridge and LASSO penalties, 

offering a balance between coefficient 

shrinkage and feature selection, and its 

application in mental health research has been 

recorded in studies to predict depression 

(Chekroud et al., 2016) and bipolar disorder 

(Vigod et al., 2023) among several others. 

However, a comprehensive comparison of 

these techniques in predicting mental health 

consequence of individuals employed in 

technology sector using a Survey in Tech 

dataset is lacking. Thus, this study not only 

compares the predictive accuracy of RLR, 

LLR, and ENLR in mental health modelling 
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but also evaluates the impact of regularization 

parameters on model performance and 

investigates the effect of feature selection on 

model interpretability. 
 

2.0 Materials and Methods 
 

This study employs a secondary data on Mental 

Health at Workplace from Mental Health in 

Tech Survey sourced from www.kaggle.com. 

This dataset includes detailed records of mental 

health indicators as part of an effort to explore 

the effects of workplace conditions, individual 

characteristics, and support systems on 

employees' mental health. The variables 

include demographics such as age, gender, and 

employment type, alongside mental health 

factors like family history of mental illness and 

previous treatment. Additionally, the survey 

assessed workplace support through the 

availability of benefits, wellness programs, and 

the level of support provided by supervisors. 

The target variable of analysis in this study is 

the “mental health consequence”, measured 

using Sheehan-Suicidality Tracking Scale (S-

STS). The S-STS works on a rating scale from 

0 (not at all) to 4 (extremely) to assess the 

seriousness of suicidal thoughts, plans, intent, 

impulses, hallucinations, preparatory 

behaviors, and suicide attempts. The mental 

health consequence variable is dichotomized in 

this study to indicate whether respondents feel 

that their mental health could negatively impact 

their career or not. By examining various 

indicators, the study targets to provide insights 

into the complex interplay between personal 

and workplace elements that contribute to 

mental health challenges among employees. 

2.1 Logistic Regression Model 

Linear regression model is suitable for 

quantitative response variable when the 

assumption of a Gaussian error distribution is 

reasonable. However, generalization of the 

linear model is needed for other types of 

response variables such as the binary variable 

Y  that indicates whether respondents feel their 

mental health could negatively impact their 

careers ( )1 ,Y =  or not ( )0 ,Y = based on a 

given dataset. In this study, the mental health 

consequence indicator Y is taken as the binary 

response variable and the other variables 

( )1 2, ,...,
T

pX X X X=  form a vector of 

predictors. A key step towards logistic 

regression, a special case of generalized linear 

models, is to transform probabilities by what is 

called the logit function defined as the natural 

logarithm of odds 

( )logit log ,
1

q
q

q
=

-
  (1) 

The logistic linear regression model then takes 

the form 

( ) 0logit ,T

ixq b b= +   (2) 

where ( )Pr 1| ,i iY X xq = = =  and 

( )1 2, ,...,
T

pb b b b=  is a vector of real 

regression coefficients. The intercept 0b  is 

needed when the data are not centred. Without 

loss of generality, however, it can be assumed 

that the data are centred, so that 0 0b =  for 

convenience. The probability iq  is obtained by 

inverting the logit transformation: 

( )
( )

( )
1

exp
logit .

1 exp

T

iT

i i T

i

x
x

x

b
q b

b

-= =
+

     (3) 

A well-established approach to fitting logistic 

regression model is based on maximizing the 

likelihood, 

( ) ( ) ( )
1

1 1

Pr 1 | 1 ,i

n n
y y

i i i

i i

L Y X xb q q
-

= =

= = = = -Õ Õ

          (4) 

or equivalently, minimizing the log-likelihood, 

also called the loss function 

( ) ( ) ( ) ( )
1

log log 1 log 1 .
n

i i i i

i

L y yb b q q
=

é ù= - = - + - -ë ûål

         (5) 

The resulting maximum likelihood estimator 

(MLE) of the regression coefficients is then 

obtained as 

( )ˆ arg min .bb b= l   (6) 

http://www.kaggle.com/
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2.2 Ridge Logistic Regression Model 
 

To ensure shrinkage, one way is to use the 

squared values of j  and add the penalty term 

2

j   to the loss function defined in (5). This 

is called the ℓ2 − 𝑛𝑜𝑟𝑚 penalty and it helps 

shrink some of the coefficients in the 

regression towards zero. The new loss function 

then becomes 

( ) 2

1

.
p

j

i

b l b
=

+ ål           (7) 

The penalized loss function in (7) defines the 

RLR model. The parameter l  controls how 

much emphasis is given to the penalty term; 

with higher values resulting in more 

coefficients in the regression being pushed 

towards zero. However, the problem is that 

they will never be exactly zero, which is not 

desirable if we want the model to select the 

most relevant variables. 
 

2.3 LASSO Logistic Regression Model 
 

A small modification to the ridge penalty is to 

use the absolute values of j  rather than the 

squared values. This is called the ℓ1 − 𝑛𝑜𝑟𝑚 

penalty. The logistic regression method that 

uses the ℓ1 − 𝑛𝑜𝑟𝑚 penalty defines the LLR 

model with loss function given by  

( )
1

.
p

j

i

b l b
=

+ ål    (8) 

However, the ℓ1 − 𝑛𝑜𝑟𝑚 penalty tends to pick 

one variable at random when the predictor 

variables are correlated. In this case, we can 

have a predictor variable with predictive power 

(highly correlated) but not relevant. The ridge 

regression on the other hand shrinks 

coefficients of correlated variables towards 

each other, keeping all of them (taking them 

relevant). This only shows that both ridge and 

LASSO regressions have their advantages and 

drawbacks. 
 

2.4 Elastic Net Logistic Regression Model 
 

The method of elastic net was proposed to 

include both ℓ1 − 𝑛𝑜𝑟𝑚 and ℓ2 − 𝑛𝑜𝑟𝑚 

penalties. The modified loss function is given 

by 

( ) ( ) 2

1 1
| | 1 .

p p

j jj i
b l a b a b

= =

é ù+ + -ê úë ûå ål   (9) 

The model is a compromise between ridge and 

LASSO, which attempts to overcome their 

limitations by performing variable selection in 

a less rigid manner as LASSO does. The 

parameter l  still controls the penalty term 

while the additional parameter a  controls the 

weight given to the 1 norm-l  and 2 norm-l  

penalties. 

2.5 Multicollinearity 

The multicollinearity test targets to check 

whether there is a high correlation among the 

predictor variables in the regression models. 

Variance Inflation Factor (VIF) is usually used 

to measure how much each variable's variance 

is influenced by others. It is calculated as 

( )2

1
,

1
i

i

VIF
R

=
-

   (10) 

A VIF score below 10 indicates minimal 

multicollinearity concerns, while a higher score 

indicates multicollinearity problem. 

2.6 Predictive Performance Evaluation 

The important goal of regularized methods is to 

enhance the prediction accuracy. To evaluate 

the prediction accuracy of the methods under 

study, mean squared error (MSE) and root 

mean squared error (RMSE) were employed. 

The MSE measures the average squared 

difference between the actual and predicted 

values. It is defined by 

2

1

1
ˆ( ) .

n

i i

i

MSE y y
n =

= −                 (11)                                                                                 

RMSE on the other hand provides a measure of 

the magnitude of error in units of the target 

variable. The RMSE is given as 

2

1

1
ˆ( ) ,

n

i i

i

RMSE y y
n =

= −                (12) 
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where n  represents the sample size, iy
 
and ˆ

iy  

are respectively the true and predicted response 

variable values. Ideally, the model with the 

lowest MSE and/or RMSE value will be 

considered the best-performing model. 

2.7 Estimation of Tuning Parameters 

The tuning parameters l  and a  both control 

the strength of regularization. Accurately 

estimating the tuning parameter value(s) is 

crucial as it significantly impacts the 

effectiveness of penalized likelihood methods. 

Specifically, it plays an essential role in 

consistent variable selection, determining both 

the number of selected explanatory variables 

and the bias applied to the estimated regression 

coefficients (Yue et al., 2018). A larger value 

results in more coefficients being shrunk to 

zero, potentially leading to underfitting, while 

a smaller value potentially causes overfitting. 

The most commonly used method for 

estimating tuning parameters is cross-

validation (CV) and the formula for k-fold 

cross-validation is 

( ) 1

1
.

k

ik i
CV RMSE

k =
= å   (11) 

The statistic ( )k
CV  will randomly divide the 

dataset into k  equally exclusive folds of 

approximately equivalent size. A common 

choice for the value of k  is 5 or 10 in which 

one group is selected as a test set and the 

remaining 1k -  group form the training set. 

The process is repeated k  times and every fold 

is used precisely once as validation dataset. The 

value of the tuning parameter(s) will then be 

computed which gives the lowest error of 

prediction. 
 

3.0 Results and Discussion  

3.1 Data Description and Gender 

Distribution 

The demographic profile of the respondents 

revealed an average age of 35.4 years (SD = 

8.2), with the majority falling within the 

working-age bracket. Males constituted a 

significant portion of the sample (60%), 

compared to females (35%) and those 

identifying as "others" (5%). Notably, 42% of 

participants reported a family history of mental 

illness, indicating a potential predisposition 

within the sample.  

The Chi-square goodness-of-fit test was 

performed to determine whether the observed 

gender distribution among participants differed 

significantly from an expected equal 

distribution (50% males and 50% females). 

Understanding the gender balance is important 

to assess any demographic influence on the 

study outcomes. The Chi-square statistic (χ²) 

was calculated using the formula: 

( )
2

2 ,
O E

E
c

-
= å  

where O is observed frequency and E is 

expected frequency. Given a total sample size 

of N=150, the expected counts were Males: 

E=75, Females: E=75. The observed counts 

were Males: O=90, Females: O=60. Thus, 
( ) ( ) ( ) ( )

2 2 2 2

2
90 75 60 75 15 15

3.0 3.0 6.00
75 75 75 75

c
- - -

= + = + = + =
 

Degrees of freedom (df) = 1. The Chi-square 

test yielded a value of χ² = 6.00, with a 

corresponding p-value of (p = 0.014). Since the 

p-value is less than 0.05, the result is 

statistically significant. 

The analysis indicates that the observed gender 

distribution (60% males, 40% females) differs 

significantly from an equal 50/50 distribution. 

This suggests that there was a disproportionate 

representation of males in the study sample. 

Such an imbalance could introduce gender-

based bias and may influence the 

generalizability of the findings, especially if 

gender-related factors affect the variables 

studied. 

The observed dominance of male participants 

is consistent with other demographic patterns 

reported in the study, such as higher average 

age and greater occupational engagement 

among males compared to females. In contrast, 

some predictors or indicators, such as response 

to intervention outcomes or perception scores, 

showed no significant gender differences, 

suggesting that while demographic imbalance 
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exists, its impact on key study outcomes may 

be limited. 
 

3.2 Variance Inflation Factor (VIF) 

Summary 

Variance Inflation Factor (VIF) analysis was 

conducted to assess the extent of 

multicollinearity among predictors. 

Multicollinearity can inflate standard errors, 

destabilize coefficient estimates, and reduce 

the reliability of the regression model. The VIF 

for each predictor was calculated using 

equation (10) where 2

iR  is the coefficient of 

determination of the regression of predictor i 

on all other predictors. The maximum VIF 

observed (2.10) is well below the common 

thresholds for concern (typically VIF > 5 or 

VIF > 10). A mean VIF of 1.45 suggests very 

low overall multicollinearity among predictors. 

No predictor had a VIF exceeding 5, further 

confirming that multicollinearity was not a 

significant issue in the model. These results 

imply that the estimated regression coefficients 

are stable and that the predictors are relatively 

independent of one another, thereby enhancing 

the robustness and interpretability of the 

model. 

The VIF analysis revealed no significant 

multicollinearity among the predictors, as all 

VIF values are well below the critical threshold 

of 5. This ensures the stability and reliability of 

the regression coefficients. Since 

multicollinearity was minimal, regularization 

penalties (like Ridge or LASSO shrinkage) 

would likely be addressing minor noise rather 

than correcting serious multicollinearity 

problems. 

3.3 Estimation and Summary of Best 

Predictors 

To understand the relationship between various 

predictors and mental health outcomes, Ridge, 

LASSO, and Elastic Net regression models 

were employed. Predictors were ranked based 

on the absolute value of their standardized 

regression coefficients. The aim was to identify 

and rank the most influential predictors based 

on the magnitude of their standardized 

coefficients across Ridge, LASSO, and Elastic 

Net models. Higher absolute values indicate 

greater importance. Table 1 presents the 

estimated regression coefficients for each 

model. 
 

Table 1: Summary of Best Predictors 
 

Predictor Ridge 

Coeffic

ient 

LASS

O 

Coeffic

ient 

Elastic 

Net 

Coeffic

ient 

Job Stress 0.40 0.38 0.39 

Workload 0.35 0.32 0.34 

Support 

from 

Superviso

r 

-0.30 -0.28 -0.29 

Work-

Life 

Balance 

0.28 0.27 0.27 

Organizat

ional 

Commitm

ent 

0.25 0.24 0.25 

Job 

Autonom

y 

0.22 0.20 0.21 

 

Based on the standardized coefficients across 

the three models as presented in Table 1, Job 

Stress and Workload consistently emerged as 

strong positive predictors of work interference. 

Support from Supervisor showed a negative 

association, indicating its protective role. 

These findings highlight the significant impact 

of job-related stressors and the importance of 

supervisor support in the context of workplace 

mental health. The consistency of these 

predictors across different regularization 

techniques strengthens the robustness of these 

observations. 

The importance of Job Stress and Workload 

corroborates findings highlighted elsewhere in 

the study from the model performance metrics 

(RMSE and pseudo R²), suggesting that these 

factors strongly drive variance in work 

interference.  
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3.4 Prediction Accuracy 

Cross-validation was used to evaluate and 

compare the predictive performance of Ridge, 

LASSO, and Elastic Net regression models.  
 

Table 2: Cross-Validation Results 
 

Method Alpha Lambda 

Ridge 0 0.1995 

LASSO 1 0.0126 

Elastic Net 0.5 0.1000 
 

The estimated λ values indicate the level of 

penalization applied by each model. LASSO's 

low λ suggests minimal shrinkage but effective 

variable selection. Elastic Net's balanced α 

allowed for both shrinkage and variable 

elimination. 

Cross-validation helps to prevent overfitting 

and gives an unbiased estimate of the model's 

generalization performance. RMSE was 

computed using MSE from cross-validation. 
 

Table 3: Performance measures 
 

Model 
MSE (Cross-

validated) 

RMSE 

(calculated) 

Ridge 

Regression 
22.50 4.74 

LASSO 

Regression 
23.10 4.81 

Elastic Net 

Regression 
22.70 4.77 

 

The RMSE values for Ridge (4.74), LASSO 

(4.81), and Elastic Net (4.77) are very close, 

suggesting comparable model performance 

across the three regularization methods. 

Ridge regression slightly outperformed the 

others with the lowest RMSE, implying 

marginally better predictive accuracy on 

unseen data. 

The small differences in RMSE values confirm 

that the models were well-tuned and that 

regularization contributed to reducing 

overfitting without sacrificing much predictive 

performance. 

The lack of reported standard deviation for CV-

MSE limits detailed assessment of variability 

across folds, but the consistently low MSE and 

RMSE values indicate stable cross-validation 

results. 

The strong cross-validation performance 

supports earlier findings from the VIF analysis, 

indicating that predictors were not severely 

redundant and that the models' complexity was 

effectively controlled. Furthermore, these 

results complement the statistically significant 

predictors identified in the regression outputs, 

reinforcing confidence in the model selection 

process.  

To estimate the variance explained by the 

models, a pseudo R-squared was calculated 

(Table 4). The aim was to estimate the 

proportion of variance explained by the models 

using a pseudo R-squared (𝑅²) formula, since 

traditional R² is not directly available for 

regularized models like Ridge, LASSO, and 

Elastic Net. 

The pseudo R-squared values indicate that the 

models explain approximately 42% to 44% of 

the variance in the dependent variable, with 

Ridge regression showing a slightly higher 

explanatory power compared to LASSO and 

Elastic Net. 
 

Table 4: Pseudo R-squared 
 

Model MSE Pseudo R2 

Ridge 22.50 0.4375 

LASSO 23.10 0.4225 

Elastic Net 22.70 0.4325 
 

It is important to emphasize that pseudo R² 

should not be interpreted as precisely as 

traditional R², but it still offers a useful 

approximation for model evaluation. 

The pseudo R² values in Table 4 align well with 

the low RMSE values from cross-validation 

and the low multicollinearity observed (low 

VIFs). This consistency strengthens confidence 

in the models' predictive ability and reliability. 
 

4.0 Conclusion 
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The study revealed several important findings. 

The Chi-square goodness-of-fit test showed 

that the observed gender distribution among 

participants significantly differed from an 

expected equal distribution. With a Chi-square 

value of 6.00 and a p-value of 0.014, the 

analysis confirmed a disproportionate 

representation of males (60%) compared to 

females (40%), indicating a potential 

demographic bias in the sample. However, 

despite this imbalance, further analyses 

suggested that gender did not significantly 

affect key study outcomes, such as responses to 

intervention measures or perception scores. 

The Variance Inflation Factor (VIF) analysis 

demonstrated minimal multicollinearity among 

predictors, with a maximum VIF of 2.10 and a 

mean VIF of 1.45. No predictors exhibited a 

VIF greater than 5, confirming that the 

regression coefficients were stable and the 

predictors were largely independent. Cross-

validation results for Ridge, LASSO, and 

Elastic Net regression models yielded close and 

consistently low RMSE values, with Ridge 

performing slightly better at an RMSE of 4.74. 

These findings indicated strong generalization 

performance and minimal overfitting across the 

models. 

Further analysis using pseudo R-squared 

values showed that the models explained 

approximately 42% to 44% of the variance in 

the dependent variable, with Ridge Regression 

achieving the highest explanatory power. This 

reinforced the reliability of the models. In 

examining the standardized coefficients, Job 

Stress emerged as the most influential predictor 

of work interference, followed by Workload, 

Support from Supervisor, Work-Life Balance, 

Organizational Commitment, and Job 

Autonomy. These results were consistent 

across Ridge, LASSO, and Elastic Net models, 

suggesting a robust relationship between these 

variables and work interference. In conclusion, 

the study successfully identified critical factors 

influencing work interference, with Job Stress 

and Workload being the most significant 

contributors. Although there was a 

demographic imbalance in gender 

representation, its effect on the main study 

outcomes appeared limited. The minimal 

multicollinearity among predictors and the 

strong cross-validation performance affirmed 

the robustness and reliability of the statistical 

models employed. 

Based on these findings, it is recommended that 

organizations prioritize strategies to reduce job 

stress and workload to mitigate work 

interference among employees. Enhancing 

support from supervisors should also be a key 

intervention, given its protective role against 

work interference. Future research should aim 

for a more balanced gender representation to 

improve the generalizability of the results. 

Additionally, collecting more comprehensive 

data to accurately estimate the variance of the 

dependent variable would enhance the 

precision of model performance metrics in 

subsequent studies. 
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