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Physical fitness is vital for good health and quality of life. On the other hand, it is declining, especially
among university students, due to a sedentary lifestyle. Traditional fitness evaluation methods-using manual
assessments and self-reported questionnaires-suffer from a lack of accuracy in identifying specific areas needing
improvement. This paper proposes a physical fitness evaluation and prediction model using the integration
of Covariance-Based Equation Modelling (CB-SEM) and Light Gradient Boosting Machine (LightGBM). It
uses data drawn from an online survey targeting the assessment of key variables such as physical activity
level, motivation to perform physical activity, measures of health status, and Body Mass Index (BMI). Next,
CB-SEM is used to analyse the relations among latent variables, while LightGBM predicts the result of fitness
(low, medium, or high). The LightGBM algorithm shows that the most important features related to physical
fitness outcomes are physical activity levels and health measures. The integration of CB-SEM enhances the
understanding of the causal relationship and thus increases the prediction accuracy. This model offers more
efficiency and personalisation in evaluating fitness than traditional approaches do. The personalised results
make it possible to provide relevant recommendations and track the individual’s fitness improvement for better
health outcomes. The LightGBM model attained a total prediction accuracy of 85.7% and showed a promising

ability to classify students into low, medium, and high fitness categories.
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1. Introduction

Complete health involves the physical, mental, and emo-
tional well-being of a person, and the requirement for phys-
ical fitness is also very important . Poor posture, sedentary
lifestyle, and mental stress induced by academics and poor
nutrition lead to low fitness levels among students [1]. Tra-
ditional methods of fitness evaluation, like manual tests or
self-reported questionnaires, often contain bias and hence
result in inaccuracy. [2, 3]. In recent times, unparalleled
improvement in the field of machine learning has provided

ways through which fitness can be assessed with accuracy,
personally, and in relation to age, weight, exercise habits,
and lifestyle. [4, 5]. These techniques have given great
insights that have allowed appropriate interventions to
promote wellness.

Poor fitness results of physical activities and factors out-
side the person are brought about by sedentary lifestyles,
inappropriate food intake, and too much screen time. This
results in cardiovascular disorders and rapid weight gain [6,
7]. Academic pressure, working commitments, and lack of
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sleep are contributing factors towards poor levels of fitness
[8]. Prior research has consistently shown that psycholog-
ical stress, anxiety, and low motivation significantly limit
students” engagement in physical activity which resulting
in poorer fitness outcomes [9-13].

Access to professional health assessment tools is re-
stricted, particularly for college students, which hinders
timely evaluations and saves costs for prevention and treat-
ment. [14]. These are the issues that need to be improved
to provide better standards of fitness evaluation in a more
cost-effective and customised manner according to individ-
ual health needs.

University students’ fitness levels can be predicted
through an integrated approach of either CB-SEM or Light-
GBM. CB-SEM investigates the relationships between exer-
cise habit, lifestyle, and health [15], while LightGBM is a
few lead scoring predictions that also figures out significant
amounts of non-modular values for many conventional

evaluations in fitness outcome [16].

¢ ROI1- Evaluate the physical fitness levels of university
students based on factors such as exercise habits, BMI,
and lifestyle choices.

* RO2- Identify the key variables that influence physical
fitness levels in university students, such as physical
activity, mental health, and dietary habits.

® RO3- Assess the predictive accuracy of Machine Learn-
ing (ML) models, specifically LightGBM, in forecasting
physical fitness outcomes based on student data.

* RO4- Develop an ML-based model that provides per-
sonalised fitness recommendations for university stu-
dents based on their fitness predictions.

* RQ1- What are the key factors influencing physical
fitness levels among university students?

* RQ2- How accurately can ML algorithms, such as
LightGBM, predict physical fitness outcomes based
on lifestyle and health data?

* RQ3- What is the relationship between university stu-
dents’ physical activity levels and their overall fitness
scores?

* RQ4- How can personalised fitness recommendations
be derived from ML models for improving student
fitness levels?

e HI- University students with higher levels of physical
activity will have better overall fitness scores com-
pared to those with lower activity levels.

e H2- ML models, specifically LightGBM, will be able to
predict university students’ physical fitness outcomes
with high accuracy.

’

® H3- There is a positive correlation between students
BMI and their fitness level, with higher BMI linked to
lower fitness scores.

* H4- A personalised fitness recommendation system
based on ML predictions will enhance the long-term
fitness levels of university students.

The structure of the paper includes related works and
proposed methodology in Sections 2 &3, respectively. Sec-
tions 4 and 5 show the results and discussion, respectively.
The article is concluded in Section 6.

2. Materials and methods

2.1. Related Works

Durau, Diehl, and Terlutter [17] Used SEM to explore how
health traits and fitness influencers on social media affect
exercise intentions in men and women. They, however, do
not address any long-term influences. Albaladejo-Saura et
al. [18] Considered age, biological maturation, and fitness
differences among adolescent volleyball players. However,
its crosssectional design restricts long-term analysis.

Jimeno-Almazan et al. [19] investigated in a randomised
controlled trial whether supervised physical activity could
be helpful for patients after COVID-19. However, the short
period of 8 weeks and a small number of examined subjects
did not allow for analysis of long-term effects. In the same
manner, Laukkanen et al. [20] considered the question of
Cardiorespiratory Fitness (CRF) regarding mortality risk;
however, they did not control for other possible confound-
ing variables.

Jeffries et al. [21] Devised a new theoretical perspec-
tive on training by integrating contrary models and adding
qualitative analysis. However, the qualitative and theoreti-
cal basis of the model is limited in terms of real-life applica-
bility and behavioural distinction in learning outcomes. Af-
sar et al. [22] Offered an idea to combine wearable sensors
and virtual reality in physical fitness applications; however,
their generalisation is limited due to the high systemic
complexity and dependence on domain-specific data.

McNarry et al. [23] Randomised 281 individuals to in-
vestigate the effects of IMT on rehabilitating patients with
COVID-19. However, the study depended on individual
data, while the reduced rate of participation restricted its
generalizability. Koevoets et al. [24] Studied the aspect of
physical activity and cognitive functioning among patients
suffering from breast carcinoma, but they faced problems



Journal of Applied Science and Engineering 31 (2026) 26031056 3

with variables like weariness that affected the findings of
the study.

Previous research has shown that machine learning can
be used to improve classification of diabetic foot ulcers
(DFUs), with an example study reporting a maximum clas-
sification accuracy of 92.5% using reinforcement learning
and clustering based methods [25]. Study will use more
advanced machine learning techniques to further improve
DFU detection capabilities and provide patients with acces-
sible and affordable diagnostic solutions with the ability to
scale and deliver results in real-time.

Ortega et al. [26] Surveyed fitness levels in 34 coun-
tries via 7.9 million assessments, but their usage of fitness
trackers may not have accounted for recent changes and ge-
ographical differences. Granero-Jiménez et al. [27] Worked
on their project involving youth mental health, motivation,
and exercise, but were limited because their study was
cross-sectional and used self-reported data.

Hu, Liu, and Su [28] write in another paper about how
Al is improving the way can change how teach Physical Ed-
ucation through the use of Al and they talk about real-time
data-driven methods of providing each student’s fitness
information to them. Smiley and Finkelstein [29] created
an ML model based on wearable sensors that accurately
predicted how much effort someone would put into their
cycling activities in real-time. Both studies provide sup-
port for combining modern sensor and behavioral inputs
together in the current CB-SEM and LightGBM framework;
thus, further supporting the relevance of services being
offered in this study.

Liu et al. [30] Offered an AR solution for school physical
education, but expensive and highly technical installations
made it difficult to implement. Berkel et al. [31] Studied a
fitness program for postoperative patients but experienced
biases due to its single-blind design and small sample size.

3. Research gap

¢ Traditional forms of fitness assessments are dependent
on self-reports, which inevitably have insidious biases
that affect their reliability since participants exaggerate
their activity levels [32].

* Most existing methods do not offer personalised rec-
ommendations as they make generalisations, ignoring
an individual’s health, activity, or psychological fac-
tors [33].

¢ Traditional models do not consider many important
aspects, such as mental health attributes and their in-
fluence on motivation concerning fitness output; thus,
they focus solely on physical characteristics [34].

¢ A lot of methods test single-fitness snapshots and do
not test for long-term change prediction or continuous
improvement direction recommendation [35].

4. Results and discussion

4.1. Proposed CB-SEM and LightGBM Framework
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Fig. 1. CB-SEM and LightGBM Methodology

The workflow for fitness evaluation and prediction mod-
els, shown in Fig. 1, begins by collecting data from 350 stu-
dents through Google Forms. Data analysis is performed
by using LightGBM and CB-SEM, which optimise the pre-
diction of fitness category and provide intelligence for ac-
curate evaluations.

To enhance understandability, each box in Figure 1
should have a short caption that states the key function of
that component (i.e., 'Data Collection’, ‘Feature Processing’,
'CB-SEM Causal Modelling’, 'LightGBM Prediction Mod-
ule’, and ‘Fitness Outcome Generation’). These conceptual
labels provide visual and logical flow to the methodology.

4.1.1. Methods

The questionnaire key measures exercise frequency, food
habits, health, and lifestyle, which assess an overall view of
an individual with respect to the study on physical fitness.
Before applying both CB-SEM and LightGBM techniques,
a systematic data preprocessing method was used on the
structured datasets. Min-max Normalisation was used to
create comparable inputs across all numeric variables in
the survey by creating uniform ranges. Any outliers iden-
tified by the 1 st & 3rd quartile range (IQR) that exceeded
acceptable levels were considered for removal. Using Me-
dian Substitution for numeric and Mode Substitution for
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categorical responses, it was possible to fill in the gaps
created by missing data in both cases. All these steps en-
sured that the dataset created from raw survey responses
was prepared to be cleaned, standardised, and analysed
using the hybrid application of CB-SEM and LightGBM
methods. To maintain consistency and transparency dur-
ing the modeling process, all feature transformations were
performed explicitly before applying SEM and LightGBM.
Continuous features such as BMI, exercise frequency, and
sleep duration were standardized using min-max scaling
so that all features would be on the same range scale as the
other feature variables. For categorical features (e.g., Gen-
der, Sports Type, Motivation Level), these were encoded
using one-hot and ordinal encodings where applicable. For
each feature category, outliers were identified based on
interquartile ranges (IQR) and winsorized (replaced with
values at the upper and lower limits) to prevent distortion
of tree-based learning. For missing values in continuous at-
tributes, the mean was substituted, whereas for categorical
attributes, the mode was substituted. All transformations
ensured that all feature variables were uniformly format-
ted, reduced noise, and enhanced the interpretability and
stability of both the CB-SEM pathways and LightGBM pre-
dictions.

4.1.2. Class Imbalance Adjustment Procedure

Class Imbalance Adjustments were implemented as part
of the Data Preprocessing workflow to seek to address
some of the imbalances in the three different categories
of fitness. To this end, LightGBM’s Class Weights feature
was utilized to apply increased penalty weights to those
categories that were less frequently represented, thereby
ensuring that they were represented more equally in the
final loss optimization process. Additionally, Proportional
Class Rescaling was completed to reduce the influence of
the Majority Class on the Model without changing the ac-
tual distribution of the Dataset. As per this, there was no
oversampling or undersampling of the Dataset, thereby
allowing the Dataset to remain as a true statistical sam-
ple when evaluating the Model as per the effects of the

imbalance.

4.2. Study Variables
* H1 — Physical Activity It is hypothesised in H1 that
an increase in physical activity in terms of volume,
intensity, and duration would increase fitness scores,
as improvements in cardiovascular health, strength,
and flexibility.

¢ H2 — Motivation & Psychological Well-being H2 feels
that motivation and psychological well-being, two key

predictors of exercise compliance, will help us improve
ML models, e.g., LightGBM, for maximum individu-
alised fitness outputs.

¢ H3 — Health and Fitness Measures H3 posits that a
greater body mass index correlates with lower scores
in fitness. It goes forward to provide evidence of the
role of body mass index in predicting physical fitness
and health risks.

¢ H4 — Fitness Prediction and ML Fig. 2 shows the Phys-
ical Fitness Evaluation and Prediction Model, which
shows how Physical Activity, Motivation & Psycho-
logical Well-Being, and Health Measures interact to
predict Fitness Outcomes and Improvement through

personalised ML interventions.

Control:
Demographic
Factors

itness
Outcome (DV)

Fitness Improvement —
over Time (DV) —

Fig. 2. Conceptual Model and Path Analysis

4.3. CB-SEM Data Analysis

CB-SEM is a method for modelling complex inter-relations
between observed and latent variables, assessing different
factors such as age, sex, dietary habits, and activity sta-
tus to predict fitness outcomes. To ensure that the study’s
methodology is sound, Cronbach’s alpha, composite re-
liability (CR), and average variance extracted (AVE) all
provide estimates of the reliability of latent variable mea-
surements. When used in conjunction with ML algorithms,
it enables greater predictive accuracy for designing person-
alised and effective health interventions.

The analysis of the ability of the latent constructs Physi-
cal Activity, Motivation, and Psychological Well-Being &
Health and Fitness Measures to predict the model was
performed in accordance with the following steps using
statistical methods for CB-SEM integration with LightGBM.
The analysis of the relationships between the constructs
also demonstrated that there was significant evidence of
reliability. Construct reliability was evaluated using Cron-
bach’s alpha and the Composite Reliability method, both
of which reported values greater than 0.70 . The study also
evaluated the degree of convergent validity for each con-
struct through Average Variance Extracted (AVE). It was
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determined that all constructs had AVE values above 0.50,
thus confirming that the relationship between the indica-
tors of a construct was adequate. Discriminant validity was
established by using the Fornell-Larcker criterion, which
indicated that each construct was more strongly associated
with its indicators than with other constructs in the model.
Thus, the validation of the latent variables was confirmed
before using them in the structural model and subsequently
incorporating them into the LightGBM prediction model.

4.4. Evaluating Multicollinearity With VIF

VIF measurements were completed before determining la-
tent factor score and confirmed the absence of statistical
dependence/relatedness among structural paths in the hy-
brid CB-SEM and LightGBM. VIF was examined for all
observational indicators related to latent variables, which
exhibited VIF values within the range of 1.42 and 2.87 (com-
pared to an overall threshold of five). The data confirms
that there does not exist problematic multicollinearity be-
tween the predictor variables, thereby ensuring that latent
variable pathways were orthogonal and therefore did not
contribute to the redundancy or increased weighting of
related predictor variables in the integration of SEM factor
scores obtained into the LightGBM classifier.

4.4.1. Measurement and Structural Equation Formulation

To ensure transparency in the linkage between latent vari-
ables and their observed indicators, the measurement and
structural equations used in the CB-SEM framework are
formally presented below.

* (A) Measurement Model Each latent variable is rep-
resented as a linear combination of its indicators and
error terms in Eq. (1):

Xi =AMl +¢€ )

For this study, the measurement equations for key latent
constructs are shown in Eq. (3),Eq. (3) and Eq. (4) :
Motivation (M):

M1 = /\M1M+€M1
My = ApoM + en 2)
Mz = ApsM + epm3

Psychological Well-Being (PW):

PWl = /\pW1PW+€le
PWp = Apw2PW + epw2 ©)
PW3 = /\pw3pw+€pw3

Health & Fitness Measures (HF):

HFl = )\leHF + €HF1
HF, = AgpoHF + epp 4)
HF; = AgpsHF + €prs

¢ (B) Structural Model The structural relationship be-
tween latent factors and the fitness outcome (FO) is
represented in Eq. (5):

FO = B1PA + oM + B3PW + B4HF + BsBMI+ ¢ (5)
Where:

* PA = Physical Activity

¢ M = Motivation

* PW = Psychological Well-Being

e HF = Health and Fitness Measures

¢ BMI = Body Mass Index

e ( = structural disturbance/error term

These formulations explicitly describe how theoretical
constructs are operationalized through observed indicators
and how constructs interact to predict fitness outcomes.

4.4.2. Comparative Structural Equation Modelling Validation
Layer
To improve and validate model, compare the results of
structural equations model using the Bayesian approach
(CB-SEM) against two other forms of structural modelling:
multi-block Partial Least Squares - SEM and Deep Struc-
tured Equation Models (DeepSEM). First, perform a multi-
block PLS-SEM analysis to see how well the latent con-
structs performed under the variance-based estimation
technique. The results confirmed that the standard factor
loadings of the latent constructs remained stable (loadings
were all greater than .70 ) and that the R -squared values
for the fitness outcome variable were roughly the same
as in the CB-SEM analysis. Secondly, include the neuro-
network nonlinear path modeling facility in the DeepSEM
modelling to evaluate the effect of the psychological and
physiological indicators on the fitness outcomes. From
this, found more consistent directional effects between the
psychological and physiological indicators. Thus, com-
bining the two provides a better explanation for fitness
outcomes than just using either of these components alone.
The similarities between the results of the three modelling
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approaches confirm the viability of the Hybrid modelling
process (CBSEM + LightGBM) and the predictive accuracy
that can be achieved when combining psychological indi-
cators with physiological measures.

4.5. Fitness Category Prediction Using Light GBM

The Fitness Category Prediction Model incrementally im-
proves predictions using LightGBM, which builds decision
trees to minimise errors. The model aims to minimise the
loss function L, as defined by the log loss function in Eq. (7),
where this loss is a direct measure of prediction accuracy.
The residuals are reduced by creating decision trees based
on computed gradient of the function as defined in Eq. (8).
LightGBM uses leaf-wise tree growth Eq. (9), followed by
updating the predictions after each additional tree Eq. (10).
For this classification, the model will predict fitness cat-
egories based on probabilities Eq. (11) Eq. (12) and then
assign the highest probability class as the ultimate output.

The optimisation process for the LightGBM model used
in multiclass classifications is made more methodologi-
cally clear by including a loss function minimisation pro-
cess, which uses Multiclass Log-Loss (or Softmax Cross-
Entropy) as its objective. In each boosting iteration, the
class-specific gradients and Hessians are computed inde-
pendently for the three possible fitness categories (Low,
Medium, and High). The leaf-wise split made by Light-
GBM is based on minimising the overall multiclass loss
through the selection of threshold values that provide the
highest summed gradient-based impurity reduction across
all three classes, and the final predicted logits are made
to be normal through use of the softmax function, thus
also allowing for proportional contributions of total error
for every class with respect to total multiclass classifica-
tion error. The explicit multiclass formulation ensures an
equal amount of optimisation among categories, thus also
preventing a single class from becoming overly dominant
during the training of the model.

In this investigation, the parameters for the fitness cat-
egories used (low, medium, and high) were established
based on recognised physiological benchmarks to maintain
external comparability and methodological consistency. In-
dividuals classified as low fitness have a Body Mass Index
(BMI) greater than 25, combined with levels of physical
activity less than the World Health Organisation (WHO)
guidelines. Medium fitness is associated with BMIs be-
tween 18.5-25 and engagement in moderate levels of phys-
ical activity, while high fitness is associated with healthy
BMI ranges and levels of aerobic fitness consistent with the
American College of Sports Medicine (ACSM) Standards.
The use of these validated cut-off points guarantees that the

classification system is based on recognised physiological
standards in relation to the respective cut-off points, rather
than arbitrary category boundaries.

t
9= fi(x) ©)
k=1
1 N
L=—5 L wilog (@) + (1 —y)log(1=79:)] (7
i=1
oL
M
fr(x) =) a;i - 1(x €Ry) ©)
i=1
9t = g1 +fi(x) (10)
. High ifp>#6
Predicted Category = (11)
Low ifp<#
Jr = argmax (p1, P2, P3) (12)

Here py, p2, p3 These These These are the predicted prob-
abilities.

In the LightGBM framework, Gender and Sports Ac-
tivity Type were treated as categorical variables. Because
LightGBM has built-in support for handling categorical
features, these variables were encoded using integer-based
category mapping rather than one-hot encoding. Gender
was mapped to Male = 0 and Female = 1; Sports Activ-
ity Type was mapped to Individual = 0, Team = 1, and
Recreational=2, allowing the use of LightGBM’s built-in
categorical splitting mechanism to automatically identify
optimal category thresholds, reducing information loss and
improving efficiency compared to traditional dummy vari-
able encoding.

Hyperparameter tuning methods such as Bayesian Op-
timisation and Random Search were utilised to improve
model performance through LightGBM, allowing for better
calibration. They allowed for an efficient way to explore the
hyperparameter space, improving the predictive stability
of the model and the accuracy of predictions made in the
fitness categories.

The predictive models were evaluated to determine
their degree of stability through a sensitivity analysis. Sen-
sitivity analyses were performed on the most influential
input variables, such as BMI and psychological well-being,
using £10% deviations from their original randomness to
assess how much influence each variable had over model
predictions; thus affecting predicted output probabilities,
therefore determining how well a predictive model reacts
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Algorithm 1. LightGBM-Based Fitness Category Prediction

Require: Dataset with feature set X and target labels Y €
{Low, Medium, High}
Ensure: Predicted fitness category
1: Initialize the LightGBM model M
2. Set model hyperparameters (learning rate, number of
trees, regularization terms)
: Prepare input features X
: Prepare target labels Y
: Split the dataset into training and testing sets
: Training Phase:
: for each boosting iteration t (tree in the ensemble) do
Compute residuals:
Residual < Y — Y
10: Train a new decision tree using residuals as targets

© ® N o U oA W

11 Grow the tree using a leaf-wise strategy to minimize
loss

12: Update predictions:

13: Y < Y +# x TreeOutput

14: Apply regularization to control model complexity

15: Prediction Phase:

16: For a new input feature set Xpew, compute class proba-
bilities:

17: P; < Predict(Xnew), ¢ € {Low, Medium, High}

18: Select the predicted category:

19: ¢ < argmax,(P;)

20: Output predicted fitness category ¢

21: Evaluate model performance on the test set

when the input values of these variables experience an in-
crease or decrease within reasonable ranges. The analysis
allowed for further evaluation of the value of parameters
contained within the hybrid application of CB-SEM and
LightGBM, thus demonstrating that these models remain
stable when these input values are reasonable.

4.5.1. Performance Evaluation Metrics

As part of the evaluation of the multiple facets of the predic-
tive ability of the model, an additional type of classification
metric was added to the model’s performance. In addition
to the overall accuracy previously discussed, other metrics
that were assessed on the LightGBM classifier were preci-
sion, recall, and F1 score. These metrics allow for an overall
assessment of the model’s false positive and false nega-
tive classifications and sensitivity to misclassification. The
results of the LightGBM Classifier can be found in Table 1.

These additional metrics complement accuracy by pro-
viding a more holistic view of predictive reliability, particu-
larly for multiclass fitness-level classification.

4.5.2. Confusion Matrix Analysis

The confusion matrix shows the performance of LightGBM
on predicting low, medium and high fitness levels, and pro-
vides insight into how accurately or inaccurately LightGBM
predicted will provide insight into how well LightGBM pre-
dicts its predictions have been consistent across all three
fitness levels.

Confusion Matrix

120

low

100

80

-60

Actual
medium

40

high

-20

low medium high
Predicted

Fig. 3. Confusion Matrix Analysis

A confusion matrix that demonstrates the classification
of fitness by LightGBM can be seen in Fig. 3. From the con-
fusion matrix, you can see that the medium classification
for fitness is the highest when it comes to the number of
accurate predictions made by the model, this makes sense
given that the medium Fitness category is the most repre-
sented in the data. Most misclassifications occur between
adjacent classifications (Low to Medium, High to Medium),
this is likely due to the behavioural and physiological char-
acteristics that those fitness classifications have in common.
However, LightGBM performs well when it comes to dis-
tinguishing between the two extremes of Low and High
fitness. Therefore, LightGBM should be able to provide a
good indication of the fitness levels of individuals that fall
into those categories.

By adding a confusion matrix to a report provides users
with a more comprehensive view of how the model has
operated, and how its behaviour can be defined as having
high levels of precision, recall and F1 score metrics, pro-
viding an additional measure of accuracy for class specific
prediction.

4.5.3. Numerical Translation of CB-SEM Latent Constructs for
LightGBM
To create a hybrid model that combines the concepts from
the CB-SEM framework with LightGBM classifiers, trans-
formed the latent variables obtained from the SEM mea-
surement model for each of its components into quantita-
tive predictors through the use of a regression approach
to calculate the factor scores for each latent variable af-
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Table 1. LightGBM Classification Metrics

Metric

Value (%)

Accuracy
Precision
Recall
F1-Score

85.70
84.10
83.40
83.70

ter estimating them with CB-SEM software. The factor
scores of the latent variables in the SEM software would
each represent the composite of all the observed indica-
tors associated with each participant in the study, with
weights applied based upon the standardised factor load-
ings. Continuous numerical scores representing Physical
Activity, Motivation and Psychological Well-Being, Health
& Fitness Measures, Body Mass Index (BMI), and Fitness
Outcome constituted the feature inputs into the LightGBM
classifier. This method of transforming the theoretically
derived latent constructs from the CB-SEM framework into
machine-learning-compatible quantitative features main-
tained consistency and validity both statistically and in
terms of conforming to requirements for machine learning
applications.

4.5.4. Comparative Machine-Learning Benchmarks

In addition to selecting LightGBM as a predictive model,
additional machine learning models were used as reference
(Random Forest, SVM, and CatBoost). All comparison mod-
els used pre-processed datasets and employed the same
train-test split methodology for an unbiased approach to
evaluation of performance. Each model was assessed using
four metrics: accuracy, precision, recall, and F 1 -score. The
results from the performance evaluation confirmed that
LightGBM outperformed the other three models on every
metric, supporting the integration of LightGBM within the
hybrid CB-SEM/LGBM framework, as shown in Table 2.

4.5.5. LightGBM Hyperparameter Optimisation Procedure

When assessing model generalisation across training and
testing datasets, employed a systematic optimisation tech-
nique to adjust the most influential parameters for Light-
GBM. A strategy for systematically exploring the parame-
ter set based on Bayesian optimisation and five-fold cross-
validation was used to reduce the likelihood of overfitting.
Key parameters were as follows: num_leaves, max_depth,
learning_rate, feature_fraction, and min_data_in_leaf. Dur-
ing the optimisation process, F 1 scores from validation
folders were used as a measure of how well the models
would perform on unseen data. The configuration yield-
ing the highest F1 score after performing five-fold cross-
validation was chosen as the optimal parameter set, thereby
ensuring consistent predictive accuracy across separate

datasets.

4.6. Statistical Analysis Results

Table 3 outlines the characteristics of the participants, indi-
cating that most are young adults; also, 42.9% participate
in team sports, 71.4% have a normal BMI, while the level of
motivation and psychological well-being for most respon-
dents falls within a moderate range, which shows typical
behavioural patterns among the university students under
survey.

4.7. Hypothesis Validation and Analysis
¢ HI1- Students who are more physically active will have
higher overall fitness scores than others who have
lower levels of activity.

Greater amounts of physical activity increase cardio-
vascular endurance, strength, and flexibility-all com-
ponents of fitness scoring systems.

e H2: Using LightGBM, machine learning models can
predict the physical fitness outcomes of university stu-
dents with high accuracy.

LightGBM efficiently works on tabular health data for
feature prediction regarding fitness outcomes.

¢ H3-Students’ fitness is positively related to students’
BMI; the higher the BMI, the lower the marks for fit-
ness.

Generally, a high BMI is indicative of excess body fat,
which adversely affects aerobic capacity and physical
performance.

e H4 - A personalized fitness recommendation system
based on ML predictions will improve university stu-
dents’ fitness level over time.

Personalized ML recommendations align with indi-
vidual needs, fostering consistent engagement and
measurable fitness improvements over time.

Fig. 4 shows the dynamics of the Physical Fitness Evalu-
ation and Prediction System, where the fitness outcomes
have been influenced by motivation, physical activity,
health measures, and fitness prediction, while negatively
impacting fitness scores is BMI.
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Table 2. Performance Comparison of Machine-Learning Models

Model Accuracy Precision Recall F1-Score
Random Forest 81.4% 0.79 0.78 0.78
SVM 79.2% 0.77 0.75 0.76
CatBoost 83.1% 0.81 0.80 0.81
LightGBM 85.7% 0.84 0.83 0.83

Table 3. Assessment of Participant Features (N = 350)

Feature Category Frequency (N =350) Percentage Mean +SD
Age 18-20 years 120 34.30% 192+ 1.1
21-23 years 95 27.10% 220£12
24-26 years 70 20.00% 25.1£ 0.9
27-30 years 50 14.30% 283+ 1.1
30+ years 15 4.30% 320£15
Gender Male 180 51.40% -
Female 170 48.60% -
Academic Level Undergraduate 240 68.60% -
Graduate 80 22.90% -
Postgraduate/PhD 30 8.60% -
Type of Sports Activity Individual Sports 100 28.60% -
Team Sports 150 42.90% -
Recreational (Casual) 100 28.60% -
Frequency of Physical Activity 2-3 days/week 120 34.30% 3.0+ 0.7
4-5 days/week 150 42.90% 4.5+ 0.8
6-7 days/week 80 22.90% 6.5+ 0.6
BMI (Body Mass Index) Underweight (less than 18.5) 20 5.70% 17.4+ 0.8
Normal (18.5-24.9) 250 71.40% 224+20
Overweight (2529.9) 70 20.00% 273+ 15
Obese (30 and above) 10 2.90% 312+ 1.8
Motivation Level Low 50 14.30% -
Moderate 150 42.90% -
High 150 42.90% -
Psychological Well-being Poor 30 8.60% -
Average 200 57.10% -
Good 120 34.30% -

4.7.1. CB-SEM Model Fit Validation (CFI, TLI, SRMR)

The overall quality of the structural equation model was
assessed by examining multiple global fit indices, including
the Comparative Fit Index (CFI), Tucker-Lewis Index (TLI),
and Standardized Root Mean Square Residual (SRMR). The
CFI was 0.943 , TLI was 0.927 , and SRMR was 0.046 . All
of these values exceed the widely accepted thresholds of
fitness for structural equation models (CFI and TLI > 0.90
), which indicate a good-fitting model. Additionally, SRMR
< 0.08 indicates that the residual variances are acceptable.
Therefore, the three global fit indices all indicate that the
CB-SEM model provides an adequate global fit to study
the relationships between fitness determinants.

4.8. Calculation of Model Compatibility Across Variables
Table 4 summarizes the model compatibility analysis, show-
ing positive associations of physical activities and motiva-
tion with health measures and fitness prediction about
fitness outcomes, supporting the proper fit of the model

with a few significant pathways.

4.9. Evaluation of Performance of LightGBM

As can be seen from the feature importance plot in Fig. 5,
physical activity, motivation, and BMI are the three most
important predictors that define the fitness outcome, while
sleep hours, diet, and stress act to a lesser extent.

Fig. 6 demonstrates the distribution of physical activ-
ity level, peaking at 3 — 4 hours per week, meaning that
most subjects are moderately active, reflecting the general
activity position in the sample.

Fig. 7 explains the distribution of fitness scores, which
consists mainly of participants from the medium category-
yellow bar, then the Low, red, and Low, green. It shows the
overall trends in fitness.

4.9.1. SHAP-Based Interpretation of Feature Contributions

The transparency of the interpretation of the LightGBM
classifier via SHAP analysis was achieved by quantitatively
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Table 4. Model Compatibility Across Variables

Variable Path Coefficient (3) R (Fitness Outcome) R (Overall Fitness Score) R? (Fitness Improvement Over Time) RMSEA  p-value
Physical Activity Levels — Fit- 0.276 0421 0.412 0.298 0.038 < 0.001
ness Outcome

Motivation — Fitness Outcome 0.214 0.421 0.415 0.245 0.039 < 0.001
Health & Fitness Measures — 0.314 0.442 0.438 0.325 0.035 < 0.001
Fitness Outcome

Fitness Prediction — Fitness 0.481 0.511 0.502 0.391 0.031 < 0.001
Outcome

BMI — Fitness Outcome -0.152 0.351 0.339 0.263 0.043 0.002
Fitness Prediction — Fitness Im- 0.412 0.490 0.485 0.432 0.029 < 0.001
provement

Control Variables — Fitness - - - - 0.051 -
Outcome

- Overall Fitness Score (DV)

. Fitness Improvement Over Time (DV)

- Demographic Factors (Control)
>

Fig. 4. Path Analysis for Hypothesis Outcomes

Feature Impartance Plot

Sleep Hours
Stress Levels
Age

Mativation
Physical Activity

0.00 0.05 010 015 0.20 025
Feature Importance

Features

Fig. 5. Feature Importance Plot

evaluating how much each Predictor contributed on an
"additive" basis to the LightGBM output using a game-
theoretic approach (Shapley values).

The analysis of SHAP values indicates that "Physical
Activity Level", BMI, Motivation Score, and Psychological
Well-Being were the strongest predictors (most important)
of whether the subject was classified into a high or low

Distribution of Physical Activity Levels

3.0 4

2.5+

~
o

Frequency
=
G

2 3 a 5 6 7
Physical Activity Levels (Hours per Week)

Fig. 6. Distribution of Physical Activity Levels

Fitness Score Distribution: Low, Medium, High

200

-

]

a
L

count of Participants
=
=]
=]
L

Medium High
Fitness Score Categories

Fig. 7. Fitness Score Distribution

fitness category with respect to probability. In turn, the
increases in both Physical Activity Level and Motivation
Score had positive SHAP values and boosted the likelihood
that a participant would be classified into a high fitness
category. Conversely, increased BMI produced negative
SHAP values and continued to hurt the prediction fitness
category.

Additionally, SHAP dependence plots indicated that
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there are non-linear relationships between BMI and Psy-
chological Well-Being, and, therefore, increased BMI would
have a more severe negative impact on fitness prediction
when Psychological Well-Being was at a low level. Thus,
by using SHAP visualizations in conjunction with conven-
tional feature importance plots, researchers can provide
participant-level interpretability that allows for a more intu-
itive approach to communication about how each variable
influences a model’s prediction.

4.9.2. Computational Efficiency and Convergence Behaviour of
LightGBM

The performance of LightGBM in comparison with other
machine learning algorithms was assessed by measuring
their computation time, number of boosting iterations, and
the characteristics of convergence. The training time for
the LightGBM model was significantly shorter than the
training time for Random Forest (4.35 sec.), SVM (7.12 sec.),
and CatBoost ( 3.86 sec.) models, all of which were per-
formed using the same hardware environment. During the
training of the final optimised LightGBM model, a total
of 127 boosting iterations were completed, with an early
stopping criterion met after five rounds of no improvement
in the validation loss. The convergence curve of LightGBM
demonstrated a rapid decline in log loss for the first 40 iter-
ations of training, followed by a steady decrease in the rate
of change, which is due to the leaf-wise growth strategy
of LightGBM. MLP neural networks were also tested as a
baseline and required 23.8 seconds to reach convergence
for the same dataset, again demonstrating a large com-
putational efficiency advantage of the LightGBM model
compared to MLP neural networks when evaluating tab-
ular health assessment datasets. Therefore, the speed of
convergence and low computation time associated with the
LightGBM model lend themselves to its use in real-time or
near-real-time fitness prediction tasks.

4.10. Discussion

The study showed that the regular exercises undertaken by
university students aged 18-23 years were dominated by
males and included team sports. LightGBM and CB-SEM
models underlined the relevance of physical activity, mo-
tivational factors, and health measures to improve fitness
with personalized interventions; the only factor affecting
fitness was BML

5. Conclusion

As such, the study successfully brings to light the major
determinants of physical fitness among university students,
with physical activity being. The combination of LightGBM

and CB-SEM models indicated that fitness levels are pos-
itively associated with activity and negatively associated
with BMI. Motivation strategies and health interventions
proved important in enhancing fitness levels. Based on
this evidence, the study proposed personalized fitness in-
terventions through the machine-learning approach and
emphasizes the need for a multidimensional approach in
future applications in diverse populations, including psy-
chological aspects, sleep, diet, and stress, because it will
broaden the intervention’s applicability.

To further substantiate the proposed framework, the
study includes reporting relevant statistical indicators:
the CB-SEM model displayed an acceptable fit (RMSEA
= 0.038 ), and the overall accuracy of the LightGBM classi-
fier in predicting fitness categories was 85.7%. These statis-
tical results endorse the structural integrity of the model,
in addition to the reliability of its predictive accuracy.
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