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This paper proposes a complete model selection analysis in order to predict mental health
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15-predictor model provides perfect goodness of fit (R? = 1.0), having near-zero residuals
(10719, which means that the mental health index in the given case is entirely defined by
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stress level, anxiety score, depression score, sleep hours, dropout risk and study hours per
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day) without any loss of predictive power. The FWDselect procedure proves stress level as
the only necessary predictor, providing nearly 90.7% of variance, while three mental health
subscales are selected at the first positions across all model sizes. There is no problem with
multicollinearity (all VIF < 10) despite the perfect fit, since the latter is quite high and
does not affect the reliability of the model. Thus, one can conclude that the mental health
index in the dataset is primarily constructed from psychological distress measures, raising
important questions about the construct validity of composite mental health indices and the
implications for predictive modelling in mental health research.

Multicollinearity, Student Mental
Health, Stepwise Regression

INTRODUCTION

Background

The prediction and measurement of psychological well-
being in student populations has emerged as a key atrea
of research importance in recent decades (Eisenberg ez
al., 2007; Auerbach ez al, 2016). The increasing trend of
psychological distress amongst students at universities
around the world has necessitated research into the
variables influencing the mental health of individuals, which
include academic pressutes, financial stress, social support,
and personal habits (Hunt & Eisenberg, 2010; Scott ¢z 4,
2016). Nonetheless, one of the most basic problems in
this field is operationalizing and measuring psychological
health outcomes, where researchers tend to use composite
measures based on individual indicators.

There exist some issues that are worth considering from
the point of view of methodology when it comes to
creating indices of mental well-being, If mental well-being
is determined using a set of psychological measures such as
stress, anxiety, and depression, then the resulting index will
have either perfect or close-to-perfect statistical association
with the mentioned variables (Streiner ez al., 2015). Such an
approach may affect the results of any kind of regression
analysis in terms of predictive power since one should not
include the predictors that mathematically determine the
outcome in the model (Babyak, 2004; Harrell, 2015).

Model Selection in Mental Health Research
The step of model selection is crucial to the process of

building a predictive model since it consists of selecting
a set of predictor variables that are both informative and
parsimonious (Burnham & Anderson, 2002). In the area of
mental health, the problem of model selection is especially
acute because, usually, there are a number of different
predictors. The most common approaches in the field of
model selection include stepwise regression approaches,
namely, forward selection, backward elimination,
bidirectional selection and the FWDselect algorithm
(Sestelo Perez ez al., 2016).

However, it is widely recognized that the stepwise
regression procedures have certain weaknesses and are
rather controversial approaches to model selection (Harrell,
2015; Steyerberg, 2019). According to Harrell (2015),
stepwise regression is not recommended in the practice of
statistics because it leads to an unteliable solution, increases
Type 1 error rates and does not solve the problem of
multicollinearity between predictors (Derksen & Keselman,
1992; lom & Cassell, 2007). However, if used catefully,
the stepwise procedure could be helpful for identifying
important variables.

The FWDselect Algorithm

The FWDselect package offers an alternative forward
selection approach with various information criteria,
providing a more systematic framework for variable
selection (Sestelo Perez e al, 2016). This algorithm
identifies optimal subsets of predictors of specified sizes
using criteria such as the Akaike Information Criterion
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(AIC) and the corrected Akaike Information Criterion
(AICc), which balance model fit against complexity
(Burnham & Anderson, 2002). The gselection procedure
allows researchers to explore the optimal variable subset

for each size, providing a comprehensive picture of the
variable selection path (Sestelo Perez e al., 2016).

Study Aims and Significance
This study aims to

* Compare the performance of forward, backward, and
bidirectional stepwise regression techniques in selecting
predictors for mental health index.

e Apply the FWDselect algorithm to identify optimal
variable subsets of varying sizes.

e Assess the impact of multicollinearity on model
stability and interpretability.

* Bvaluate the implications of using mathematically

derived composite outcome variables in predictive
modelling.
Understanding the structure of composite mental
health indices and the relationships among their
component variables is essential for both substantive and
methodological reasons. Substantively, this understanding
can illuminate which psychological factors are most central
to students’ mental health experiences. Methodologically,
it can guide researchers in selecting appropriate analytical
approaches and interpreting results with appropriate
caution.

LITERATURE REVIEW

Predictors of Student Mental Health

A number of studies have examined different factors
associated with students” mental well-being. Psychological
distress indicators including perceived stress, anxiety,
and depression were found to be the most significant
correlates of overall mental health (Eisenberg e a/, 2007).
Such concepts are often measured using valid scales
like the Perceived Stress Scale (Cohen e¢f al., 1983), the
Generalized Anxiety Disorder-7 (Spitzer ez al., 20006), and
the Patient Health Questionnaire-9 (Kroenke ez a/, 2001).
Academic and lifestyle factors are also associated with
mental health in college students. The number of hours
devoted to studying, pressure of examinations, and
academic success are related to psychological distress,
where high requirements for studying may lead to burnout
and poor well-being (Schaufeli ez a/., 2002). Adequate sleep
and physical activities are among protective factors, which
ensure positive mental health outcomes (Hirshkowitz ez
al., 2015; Penedo & Dahn, 2005).

There is also a number of social and environmental
factors that affect students’ mental well-being, including
social support, financial stress, and family pressure (Nasr
et al., 2024). Effective support from other people allows
moderating stress effects, while financial problems and
family demands may increase psychological distress.
Strong social support networks can buffer the effects
of stress, while financial strain and family pressure can
exacerbate psychological distress (Cohen & Wills, 1985;

Eisenberg ez al., 2007).

Multicollinearity and Its Implications
Multicollinearity-the presence of high correlations among
predictor variables-represents a significant challenge in
regression analysis (Belsley e @/, 2005). When predictors
are highly correlated, it becomes difficult to estimate the
unique contribution of each variable, leading to unstable
coefficient estimates, inflated standard errors, and reduced
statistical power (Fox, 2015). The Variance Inflation
Factor (VIF) is commonly used to assess the severity of
multicollinearity, with VIF values exceeding 10 generally
considered indicative of problematic multicollinearity
(O’Brien, 2007).

In mental health research, multicollinearity is particularly
common because psychological constructs such as stress,
anxiety, and depression are conceptually related and often
highly correlated (Clark e al., 1994). This can complicate
model selection, as stepwise procedures may produce
different results depending on the order in which
variables are entered (Graham, 2003). Understanding
the structure of these correlations is essential for both
substantive interpretation and methodological decision-
making (Steyerberg, 2019).

Model Selection: Methodological Considerations
Model selection in mental health research requires
careful consideration of multiple factors (Harrell, 2015).
Parsimony-the preference for simpler models with fewer
predictors-is a guiding principle, reflecting the belief
that explanatory power should not come at the cost of
unnecessary complexity (Burnham & Anderson, 2002).
Information criteria such as AIC and AICc provide a
formal mechanism for balancing fit and complexity, with
lower values indicating better models (Akaike, 1974;
Sugiura, 1978).

The stability and reliability of selected models is another
important consideration (Heinze ez al, 2018). Stepwise
selection procedures can produce unstable solutions,
particularly when data are limited or predictors are
highly correlated (Derksen & Keselman, 1992). Cross-
validation and bootstrap resampling can help assess the
generalisability of selected models (Steyerberg, 2019).
The interpretability of selected models is also crucial
(Babyak, 2004). Researchers must consider whether
selected variables make theoretical sense and whether the
model provides useful insights into the phenomenon of
interest. This requires careful attention to the nature and
measurement of both outcome and predictor variables
(Streiner ef al., 2015).

Gaps in the Literature

Despite the extensive literature on student mental health,
several gaps remain. First, few studies have systematically
examined the structure of composite mental health
indices and their relationships with component variables.
Second, the implications of using mathematically derived
outcome measures in predictive modelling have not been
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adequately explored. Third, comparative evaluations of
different model selection techniques in the context of
student mental health data are limited.

This study addresses these gaps by conducting a
comprehensive model selection analysis of a mental
health index using 15 predictor variables, comparing
stepwise methods with the FWDselect algorithm, and
examining the implications of multicollinearity and
construct measurement for substantive interpretation.

MATERIALS AND METHODS
Data Source and Variables
This study utilized the “student_mental_health_burnout.
csv” dataset, accessed from Kaggle (Sharmaji, 2024),
comprising 2,549 observations of university students.
The dataset includes measures of mental health and
burnout.
Dependent Variable

e mental_health_index — a composite continuous
score ranging from 2.027 to 10.000, with higher values
indicating better mental health.

Independent Variables (15 predictors):

e study_hours_per_day — Daily study hours

* exam_pressure — Perceived exam pressure

¢ academic_performance — Academic performance
scote

e stress_level — Self-reported stress level

* anxiety_score — Anxiety assessment scotre

* depression_score — Depression assessment score

e sleep_hours — Average daily sleep

* physical_activity — Physical activity level

* social_support — Social support network score

e screen_time — Daily screen time hours

e internet_usage — Internet usage intensity

e financial_stress — Financial stress level

e family_expectation — Family pressure

* burnout_score — Burnout assessment

e dropout_risk — Predicted dropout risk

Table 1: Correlations with Mental Health Index

Analytical Approach

The analysis proceeded through the following stages:
Stage 1: Correlation Matrix Analysis. Pearson correlation
coefficients were computed among all variables to
identify relationships with mental health index and detect
multicollinearity among predictors.

Stage 2: Full Model Regression. An Ordinary Least
Squares (OLS) regression was estimated with all 15
predictors to establish the baseline full model and assess
multicollinearity via Variance Inflation Factors (VIF)
(Fox, 2015; O’Brien, 2007).

Stage 3: Stepwise Regression. Three stepwise selection
procedures were applied (Heinze ez al., 2018):

* Forward Selection: Starting from a null model,
predictors were sequentially added based on AIC.

* Backward Elimination: Starting from the full
model, predictors were sequentially removed based on
AIC.

* Bidirectional (Stepwise) Selection: Combining
forward and backward steps, allowing variables to enter
and exit.

All stepwise procedures used AIC as the selection
criterion (Akaike, 1974).

Stage 4: FWDselect Algorithm. The FWDselect package
was employed to identify optimal variable subsets of
specified sizes using:

* Best Single Predictor (q = 1): Identified using R?
criterion.

* Best 8-Variable Model (q = 8): Identified using
AICc criterion (Sugiura, 1978).

* gselection Procedure: Optimal subsets identified
for each size (q = 1 to 9) using deviance and AICc criteria
(Sestelo Perez et al., 2016).

RESULTS DISCUSSION

Correlation Matrix Analysis

This shows that there is high correlation between stress,
anxiety, depression and burnout and mental well-being

Variable Correlation
stress_level -0.953
anxiety_score -0.873
depression_score -0.753
burnout_score -0.804
dropout_risk -0.648
financial_stress -0.457

index because these variables seem to form mathematical
formula for the construction of mental well-being index.

Table 2: Predictor Multicollinearity

High correlations among distress measures suggest
potential multicollinearity issues, while the near-perfect

Variable Pair Correlation
stress_level <> anxiety_score 0.776
stress_level <> burnout_score 0.760
anxiety_score <> burnout_score 0.678
screen_time <> internet_usage 0.887

A
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correlation between screen_time and internet_usage may
warrant consideration.

Full Model Regression
Model Summary:
Call: Im(formula =
MyDatal,])
Residuals:

mental_health_index ~ . data =

Table 3: Coefficient Estimates

Min  1Q Median 3Q Max

-8.73e-10 -2.65¢-10 4.20e-12 2.54e-10 8.98¢-10
Multiple R-squared: 1, Adjusted R-squared: 1
F-statistic: 2.689¢+21 on 15 and 2533 DEF, p-value: <
2.2e-16

All VIF values are below 10 (O’Brien, 2007), indicating
that multicollinearity is not severe enough to invalidate
the model despite the perfect fit.

Predictor Estimate Std. Error t value Significance

(Intercept) 10.000 1.07e-10 9.35¢+10 ofx

stress_level -0.400 9.27e-12 -4.32e+10 Fokok

anxiety_score -0.300 7.04e-12 -4.26e+10 rofox

depression_score -0.300 8.30e-12 -3.62e+10 o

study_hours_per_day -9.78e-12 5.75e-12 -1.701 .

dropout_risk 1.67e-11 7.93¢-12 2.099 *

All other predictors =0 — =0 Not significant
Table 4: Variance Inflation Factors (VIF)

Variable VIF

stress_level 5.596

internet_usage 4,728

screen_time 4.725

burnout_score 4.240

exam_pressure 3.481

study_hours_per_day 3.181

anxiety_score 2.727

depression_score 2.390

Stepwise Regression Results

Forward Selection: No variables were added because the
full model already had the minimum AIC. Start AIC =
-111,261.6. The full model retained all 15 predictors.

Table 5: Backward Elimination

Final Backward Model (6 predictors)
mental_health_index ~ study_hours_per_day + stress_
level + anxiety_score + depression_score + sleep_hours
+ dropout_risk

Step Variable Removed AAIC Variables Remaining
1 screen_time -2.5 14
2 internet_usage -2.0 13
3 physical_activity -1.8 12
4 exam_pressure -1.7 11
5 academic_performance -1.5 10
6 burnout_score -1.5 9
7 family_expectation -1.5 8
8 financial_stress -1.7 7
9 social_support -1.3 6
Table 6: Final Model Coefficients
Predictor Estimate Std. Error t value Pr(>|t|)
(Intercept) 10.000 4.07e-11 2.46e+11 <2e-16 ***
stress_level -0.400 7.34e-12 -5.45¢+10 <2e-16 *F*
anxiety_score -0.300 6.80e-12 -4.41e+10 <2e-16 *¥*
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depression_score -0.300 7.76e-12 -3.87e+10 <2e-16 ***
study_hours_per_day -5.59¢-12 3.44e-12 -1.623 0.1047
sleep_hours 7.02¢-12 4.68¢-12 1.500 0.1336
dropout_risk 1.66e-11 6.68e-12 2.484 0.0131 *

Model Statistics
* R? = 1.0 (perfect fit maintained)
* Residual standard error: 3.31e-10
* F-statistic: 6.735e+21 on 6 and 2542 DF
* AIC: -111,276

Table 7: Stepwise Selection Path

Bidirectional (Stepwise) Selection

Produced the identical final model as backward
elimination, confirming robustness.

AIC improved (became more negative) with each
removal, indicating that simpler models are preferred

Step Action Variables Removed AIC

1 Initial — -111,262
2 Remove screen_time -111,264
3 Remove internet_usage -111,266
4 Remove physical_activity -111,267
5 Remove exam_pressure -111,269
6 Remove academic_performance -111,271
7 Remove burnout_scotre -111,272
8 Remove family_expectation -111,274
9 Remove financial_stress -111,275
10 Remove social_support -111,276

when all models fit perfectly.

FWDselect Algorithm Results
Best Single Predictor (q = 1, criterion = R?)
* Best variable: stress_level

* Coefficients: (Intercept) = 10.221, stress_level =

-0.750
* Null deviance: 4429
* Residual deviance: 409.7
e AIC: 2580

Best 8-Variable Model (q = 8, criterion = AICc)
Selected variables
. x[4] = stress_level
| = anxiety_score
* x[6] = depression_score

*x[5
(6]
* x[15] = dropout_risk
* x[1] = study_hours_per_day
* x[7] = sleep_hours
* x[9] = social_support
* x[3] = academic_performance

When forced to choose one predictor for mental health  podel Fit

index, stress_level alone explains approximately 90.7%

of the variance (residual deviance reduced from 4429

to 409.7).

* Residual deviance: 2.78e-16 (essentially zero)
* AIC: -104,038 (extremely low, indicating perfect fit)
* Dispersion parameter: 1.10e-19

Table 8: Variable Selection Path (gselection with deviance criterion)

Subset Size

Variables Selected (in order of addition)

stress_level

stress_level, anxiety_score

stress_level, anxiety_score, depression_score

+ dropout_risk

+ study_hours_per_day

+ sleep_hours

+ social_support

+ academic_performance

O ([0 || N |UL R~ || DN~

+ exam_pressure
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gselection with AICc Criterion: Produced an identical
selection path, confirming the robustness of the variable
ordering,

The three mental health subscales (stress_level, anxiety_
score, depression_score) are consistently selected first,
confirming they are the primary determinants of mental

health index. This matches the perfect fit pattern observed
in the regression models.

Discussion

Interpretation of Findings

Perfect Fit and Its Implications

The most striking finding of this analysis is the perfect fit
achieved by both the full model (R? = 1.0) and the reduced
6-predictor model (R? = 1.0), with residuals approaching
zero (107'° magnitude). This level of fit is exceptionally
rare in real-world data and indicates that mental_health_
index is not merely associated with the predictors but
is mathematically derived from them—specifically, as a
linear combination of stress_level, anxiety_score, and
depression_score (Streiner ez al., 2015).

The coefficient estimates provide strong evidence for
this interpretation. The three psychological distress
measures—stress_level (-0.400), anxiety_score (-0.300),
and depression_score (-0.300)—account for the entire
variation in mental health index, with all other predictors
having coefficients effectively equal to zero. This suggests
that mental_health_index is constructed as a weighted
sum of these three components, rather than being
independently measured (Clark ez al., 1994).

This finding has significant implications for both
substantive interpretation and methodological practice.
Substantively, it suggests that the composite mental
health index does not capture aspects of mental health
beyond stress, anxiety, and depression. While these are
important dimensions of psychological wellbeing, a
composite index that is mathematically determined by
its subscales cannot provide additional information
beyond those component measures (Streiner ¢f al., 2015).
Researchers using such indices should be aware that they
are essentially reusing the same information, potentially
inflating apparent relationships with other variables.

Reduced Model and Variable Selection

The backward elimination procedure reduced the full
15-predictor model to six core variables (stress_level,
anxiety_score, depression_score, sleep_hours, dropout_
risk, and study_hours_per_day) without any loss of
explanatory power. The retention of mental health
index is primarily determined by psychological distress,
with the core three variables (stress, anxiety, depression)
accounting for the majority of the variance. The inclusion
of sleep_hours, dropout_risk, and study_hours_per_day
appears to be due to their correlations with the primary
distress measures rather than independent contributions.
The bidirectional selection procedure produced an
identical final model, providing some reassurance about
the stability of the selection process (Heinze e al., 2018).

However, the perfect fit and near-zero residual standard
errors render traditional model selection criteria such as
AIC less informative, as all models fit perfectly. In such
cases, AIC tends to favour simpler models, as observed
with the improvement in AIC with each variable removal.

FWDselect Confirmation

The FWDselect algorithm confirmed and extended the
stepwise findings. The best single predictor was stress_
level, explaining approximately 90.7% of the variance
in mental health index—a remarkably high figure that
underscores the centrality of stress in the composite
measure (Cohen ef al, 1983). The variable selection
path consistently selected stress_level first, followed by
anxiety_score and depression_score, with other variables
added only after these core predictors were included.
The consistency between stepwise regression and
FWDselect results provides strong evidence that the core
predictors of mental health index are the psychological
distress measures (Sestelo Perez e al, 2016). This
consistency also demonstrates the robustness of the
variable ordering across different selection approaches
and critetia.

Multicollinearity Assessment

The VIF values obtained in this analysis are somewhat
unusual given the perfect fit. While all VIF values are
below the conventional threshold of 10 (O’Btien, 2007),
indicating that multicollinearity is not severe enough
to invalidate the model, the perfect fit and near-zero
coefficient standard errors complicate the interpretation.
The VIF values for stress_level (5.60), internet_usage
(4.73), screen_time (4.72), and burnout_score (4.24)
indicate moderate correlations with other predictors.
Given the perfect fit, these VIF values likely reflect the
deterministic relationships between the outcome and its
component variables rather than typical multicollinearity
(Belsley et al., 2005).

Contributions to the Literature

This study makes several contributions to the literature
on student mental health and predictive modelling; First,
it provides a systematic demonstration of how composite
outcome variables can influence model selection and
interpretation. The finding that mental_health_index
is mathematically derived from psychological distress
measures highlights the importance of understanding the
construction of outcome variables (Streiner ¢# al., 2015).
Second, the study provides a comparative evaluation
of stepwise regression and FWDselect algorithms in a
mental health context, offering guidance for researchers
facing similar analytical challenges (Sestelo Perez ef al,
2016; Heinze et al., 2018). Third, the findings illuminate
the central role of stress, anxiety, and depression in
shaping overall mental health, consistent with theoretical
frameworks emphasising the interconnections among
these constructs (Clatk ez a/, 1994).




J. Ment. Health Well-Being 2(1) 19-26, 2026

@ 5alli

Limitations and Future Directions

Several limitations should be acknowledged. First, the
perfect fit and deterministic relationships in this dataset
indicate that mental_health_index is a mathematically
derived composite, limiting the generalisability of the
findings to contexts where mental health is measured
independently (Streiner e/ al., 2015). Second, the analysis
is based on a single dataset, and the findings should be
replicated in other student mental health datasets. Third,
the cross-sectional nature of the data precludes causal
inference; longitudinal designs are needed to establish
temporal relationships.

Future research should explore the application of model
selection techniques to independently measured mental
health outcomes, where moderate rather than perfect fit
is expected. Additionally, researchers should explicitly
report the construction of composite variables and
consider the implications of using mathematically derived
outcomes in predictive models (Babyak, 2004). The
development and validation of mental health measures
that capture a broader range of wellbeing dimensions,
beyond stress, anxiety, and depression, would also be
valuable.

CONCLUSION

This study demonstrates that the mental health index
in the student dataset is primarily determined by
psychological distress measures, specifically stress_level,
anxiety_score, and depression_score. The perfect fit
achieved by regression models (R* = 1.0) indicates that
mental_health_index is mathematically derived from
these component variables, with all other predictors
having negligible independent contributions. Stepwise
regression reduces the full 15-predictor model to six core
variables without loss of explanatory power, while the
FWDselect algorithm confirms stress_level as the single
best predictor.

these
significant. Researchers using composite mental health

The practical implications of findings are
indices should be aware that such measures may not
capture aspects of mental health beyond their component
subscales (Streiner ¢ al, 2015). If the index is a linear
combination of stress, anxiety, and depression, it cannot
provide additional information beyond what those
separate measures already provide. This has implications
for study design, variable selection, and the interpretation
of regression coefficients.

Methodologically, this study underscores the importance
of understanding the construction of outcome variables
before conducting model selection (Harrell, 2015). When
outcomes are mathematically derived from predictors,
traditional model selection procedures may produce
perfect fit and misleading conclusions about variable
importance. Researchers should routinely examine the
relationships among outcome and predictor variables and
consider the implications of deterministic relationships
for statistical inference (Babyak, 2004).

In conclusion, the mental health index in this dataset

is effectively a weighted sum of stress, anxiety, and
depression, offering little beyond these constituent
measures. By understanding the mathematical structure
of composite indices, researchers can make more
informed decisions about wvariable selection, model
interpretation, and the substantive conclusions drawn
from their analyses.
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