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Prediction and Identification of Key Factors Associated with High Soft Drink Consumption
Among University Students Using Machine Learning

Abstract

Although soft drinks are widely consumed among young people, excessive intake has been
associated with several adverse health outcomes. This study aimed to assess soft-drink intake
patterns and associated factors among university students, classify consumers using machine-
learning algorithms, compare model performance, and identify influential predictors. A cross-
sectional study was conducted among 450 students using a structured questionnaire administered
through face-to-face interviews. Univariate and bivariate analyses, logistic regression, and seven
machine-learning algorithms were applied. Approximately one-third of students (33.6%) were
classified as high consumers based on consumption of >1 L of soft drinks per week. Demographic,
behavioral, thematic, and attitudinal variables were significantly associated with intake level.
Smoking status and academic year were the most important predictors identified through Random
Forest variable-importance analysis. Among the evaluated models, Random Forest demonstrated
the highest accuracy (77.04%) and AUC (0.8460), with sensitivity of 95.40%, specificity of
43.75%, and precision of 75.45%. These findings highlight that high soft-drink intake is common
among university students and demonstrate the potential value of machine-learning approaches for
identifying predictors of consumption behavior. Targeted awareness and prevention strategies
should promote healthier beverage choices.

Keywords: Soft drinks; sugar-sweetened beverages; machine learning; feature selection;
university students; Bangladesh.

Introduction

Soft drinks are widely consumed non-alcoholic beverages that generally contain refined sugar or
other sweeteners, edible acids, natural or artificial flavors, and occasionally fruit juice; they are
commonly, but not always, carbonated. Increasing consumption of sugar-sweetened beverages
among young populations has become a growing public health concern because excessive intake
may contribute to increased energy consumption and adverse health consequences. The World
Health Organization (WHO) recommends limiting free-sugar intake to less than 10% of total
energy intake to reduce the risk of diet-related health problems (World Health Organization 2003).
Evidence from a Norwegian survey of eighth-grade students showed that added sugar contributed
approximately 18% of total energy intake, with soft drinks accounting for nearly 30% of refined
sugar consumption (Overby et al. 2004). High-sugar beverages may impair dietary compensation,
resulting in inadequate reduction of subsequent food intake compared with foods containing
equivalent energy content (Rolls 1997; Ludwig 2002; Ebbeling & Ludwig 2001; Ludwig et al.
2001). Furthermore, a randomized trial demonstrated that consumption of sugar-sweetened soft
drinks increased energy intake and body weight compared with energy-free beverages containing
artificial sweeteners (Raben et al. 2002). These findings indicate that liquid calories from soft
drinks may not be effectively compensated for through reduced food intake (Mattes 1996; Tordoff
& Alleva 1990; Harnack et al. 1999; Ludwig et al. 2001).



In addition to their role in excessive energy use, frequent soft-drink consumption has been
associated with several adverse health outcomes. In low-income populations and countries
undergoing economic transition, extensive marketing of soft drinks and energy-dense foods may
contribute to dietary changes by replacing traditional nutrient-rich foods (World Health
Organization 2003). Higher consumption of sugary beverages has been associated with increased
risks of obesity, metabolic disorders, and other non-communicable diseases (Trumbo & Rivers
2014; Basu et al. 2013; Popkin 2001; Harrington 2008; Vartanian et al. 2007). In addition, the high
sugar and acidic content of soft drinks may contribute to dental erosion and dental caries (Heller
et al. 2001; Moynihan & Petersen 2004; Johansson et al. 2001; Jones & Nunn 1995). Studies have
also reported associations between carbonated soft-drink consumption and other health-risk
behaviors among adolescents and young adults in low- and middle-income countries (Pengpid &
Peltzer 2020). Moreover, increased soft-drink intake may displace nutrient-rich beverages such as
milk, potentially reducing calcium and magnesium intake and increasing the risk of poor bone
health and fractures (Rodriguez-Artalejo et al. 2003; Harnack et al. 1999).

It is crucial to comprehend the variables linked to soft drink use in order to create successful
preventative measures. Studies conducted around the world reported an increase in soft drink
intake among young adults (Li et al. 2014; French et al. 2003; Johansson et al. 1996). Previous
research suggests that consumption patterns are influenced by multiple demographic, behavioral,
socioeconomic, and attitudinal factors. Demographic characteristics, including age, sex,
educational status, and socioeconomic conditions, may influence beverage choices. Several studies
have reported higher soft-drink consumption among males compared with females (Bipasha et al.
2017; West et al. 2006; Rehm et al. 2008; Forshee & Storey 2003; Grimm et al. 2004; Vereecken
et al. 2005). Behavioral factors, including smoking, alcohol consumption, and other lifestyle
behaviors, have also been associated with increased soft-drink intake (Bere et al. 2008; Srinivasan
& Elangovan 2000; Hwang et al. 2020; Maupome-Carvantes et al. 1995; Chen et al. 2020; Storey
et al. 2006; Bruckauf & Walsh 2018; Narain et al. 2017; Han & Powell 2013; Pengpid & Peltzer
2020). Furthermore, individual perceptions, such as beliefs regarding health effects, taste
preferences, and awareness of harmful components, may influence consumption decisions.
However, associations between these factors and soft-drink consumption are not consistent across
populations. For example, Sinha et al. (2021) reported differences in consumption patterns but
found no significant influence of gender, age, marital status, or educational qualification,
suggesting that contextual differences may affect consumption behaviors.

Previous studies among adolescents and university students have demonstrated considerable
variation in soft-drink consumption patterns across countries. Studies from different regions have
reported increasing consumption among young people, indicating that soft drinks have become an
important component of youth dietary behavior (Li et al. 2014; French et al. 2003; Johansson et
al. 1996). Differences in consumption patterns may reflect variations in cultural practices,
socioeconomic conditions, availability of beverages, health awareness, and lifestyle behaviors.
Among young adults, university students represent a particularly important population because
increased independence, academic stress, social influence, and changing dietary habits may
contribute to unhealthy beverage choices.



In Bangladesh, soft-drink intake has become increasingly common among young people (Mistry
& Puthussery 2015). Among university students, Bipasha et al. (2017) reported that 95.4%
consumed sugar-sweetened beverages, with approximately half consuming soft drinks on at least
two days per week. Similar concerns have been highlighted in recent research among Bangladeshi
university students (Rahman et al. 2023). Although Rahman et al. (2023) also investigated soft-
drink consumption among students at MBSTU, their study primarily applied logistic regression as
the machine-learning approach and focused on perception-related factors. In contrast, the present
study uses more recent data and compares seven machine-learning algorithms KNN, LDA, CART,
logistic regression, naive Bayes, SVM, and random forest across a broader set of demographic,
behavioural, and perception-related predictors to identify factors associated with high soft-drink
intake. Khan and Uddin (2020) reported that 17% of adolescents consumed carbonated soft drinks
more than three times daily. Furthermore, frequent soft-drink intake has been associated with
overweight and obesity among Bangladeshi youth (Al Muktadir et al. 2019). However, evidence
regarding the factors influencing high soft-drink intake among Bangladeshi university students
remains limited.

Although previous studies have explored the prevalence and associated factors of soft-drink intake,
most have relied mainly on conventional statistical approaches. Limited research has integrated
predictive modelling approaches with traditional statistical methods to classify consumers,
evaluate predictive performance, and identify the relative importance of factors associated with
high intake. Understanding complex interactions among demographic, behavioral, and attitudinal
characteristics requires analytical approaches capable of detecting nonlinear relationships and
multiple predictor patterns.

Machine-learning techniques may provide additional insights by identifying complex patterns
within multidimensional datasets. Compared with traditional statistical approaches that primarily
focus on estimating associations, machine-learning methods can capture complex nonlinear
relationships, improve classification performance, and identify influential predictors within
multidimensional datasets. Therefore, applying machine-learning methods may enhance
understanding of high soft-drink intake patterns among university students and support the
development of targeted prevention strategies.

Therefore, this study aimed to examine soft-drink intake patterns among university students in
Bangladesh, identify factors associated with high intake, classify consumers according to intake
level using machine-learning algorithms, compare predictive performance among different
models, and determine the most influential predictors of high soft-drink intake.

2 Materials and Methods

2.1 Study Design and Setting

A cross-sectional study was conducted at Mawlana Bhashani Science and Technology University
(MBSTU), Santosh, Tangail, Bangladesh. The study population consisted of undergraduate



students enrolled in different academic departments of the university. The study was designed to
assess soft-drink intake patterns, identify factors associated with high intake, and develop
predictive classification models using machine-learning approaches.

2.2 Data Collection

Data were collected during the first week of December 2024 using a pre-designed, structured
questionnaire containing closed-ended questions. The questionnaire collected information on
demographic characteristics, habitual behaviors, and respondents’ perceptions, beliefs, and
concerns regarding soft drinks. A total of 450 undergraduate students from first to fifth academic
year across five faculties participated in the study. Data were collected through face-to-face
interviews, and participants completed the questionnaire under interviewer supervision.

2.3 Sampling Technique

A convenience sampling technique was applied for participant recruitment. Students who were
available during the data-collection period and agreed to participate voluntarily were included in
the study. Participants were recruited from different academic years and faculties to obtain
variation in demographic and behavioral characteristics.

2.4 Study Variables

The primary outcome variable was soft-drink intake level. Participants were categorized according
to the threshold proposed by Scully et al. (2017), where high soft-drink intake was defined as
consumption of >1 litre per week and normal intake as <1 litre per week. This binary classification
was selected because it provides an established and reproducible approach for identifying higher
levels of soft-drink consumption and enables comparison with previous research. Although the
threshold was originally developed among Australian secondary-school students, it was applied in
the present study as a pragmatic classification criterion due to the absence of a validated soft-drink
intake cut-off for Bangladeshi university students. Future studies should consider developing and
validating population-specific thresholds for Bangladeshi young adults.

Twelve independent variables were included in the analysis. These variables were grouped into
four categories: demographic variables, habitual variables, attitudinal variables, and thematic
variables. Demographic variables included age (D1), academic year (D2), and marital status (D3).
Habitual variables included smoking status (H1) and alcohol consumption status (H2). Attitudinal
variables included beliefs that artificial flavors and colors used in soft drinks are the same (C1),
harmful preservatives are used in soft drinks (C2), soft drinks contain a high amount of fat (C3),
and soft drinks are very tasty (C4). Thematic variables included beliefs that fresh juice and soft
drinks are the same (T1), both fresh juice and soft drinks are healthy (T2), and perceived health
problems associated with soft-drink intake (T3).

2.5 Machine-Learning Model Development

Seven supervised machine-learning algorithms were applied to classify participants into high and
normal soft-drink intake groups. The selected algorithms represented different classification



approaches, including distance-based, linear, probabilistic, tree-based, and ensemble learning
methods. The models included k-nearest neighbors (KNN), linear discriminant analysis (LDA),
classification and regression tree (CART), logistic regression (LR), naive Bayes (NB), support
vector machine (SVM), and random forest (RF).

K-nearest neighbors (KNN) is a non-parametric classification algorithm that assigns observations
based on the class distribution among neighboring observations in feature space (Cover & Hart,
1967). Linear discriminant analysis (LDA) is a supervised classification method that identifies
linear combinations of predictors to maximize separation between predefined classes (Fisher,
1936). Classification and regression tree (CART) recursively partitions predictor variables based
on impurity reduction criteria to generate decision rules for classification (Breiman et al., 1984).
Logistic regression (LR) estimates the probability of binary outcomes based on predictor variables
using the logistic function (Hosmer et al., 2013). Naive Bayes (NB) is a probabilistic classification
method based on Bayes’ theorem and assumes conditional independence between predictors
(Lewis, 1998). Support vector machine (SVM) identifies an optimal decision boundary between
classes by maximizing the margin between observations of different classes (Cortes & Vapnik,
1995). Random forest (RF) is an ensemble learning method that combines multiple decision trees
generated using bootstrap samples and random subsets of predictors to improve predictive stability
and reduce overfitting (Breiman, 2001).

2.5.1 Model Performance Metrics

Confusion matrix:

Actual

Positive Negative
Positive | True Positive (TP) | False Positive (FP)
Negative | False Negative (FN) | True Negative (TN)

Predictive

The following performance metrics were used:

Accuracy: Accuracy is the proportion of all observations that are correctly classified, calculated
from the total number of true-positive and true-negative predictions relative to all predictions.

TP + TN
TP + TN + FP + FN

Accuracy =

Sensitivity (Recall or True-Positive Rate): Sensitivity is the proportion of actual positive cases that
are correctly identified by the model.

S itivity = i

ensitivity = TFN

Specificity (True-Negative Rate): Specificity is the proportion of actual negative cases that are
correctly identified by the model.



TN

SpECifiCity = TN—+FP

Precision (Positive Predictive Value): Precision is the proportion of predicted positive cases that
are true positives.

TP

p . . -
recision TP + FP

Area Under the Curve (AUC): The receiver operating characteristic (ROC) curve plots sensitivity
against the false-positive rate (1 — specificity) across classification thresholds. The AUC
summarizes a model’s ability to discriminate between the two outcome classes. Values closer to 1
indicate better discrimination, whereas a value of 0.5 indicates performance no better than chance.

2.6 Statistical Analysis and Software

Descriptive statistics were used to summarize participant characteristics and soft-drink intake
patterns. Associations between independent variables and soft-drink intake categories were
examined using appropriate statistical tests. Logistic regression analysis was performed to estimate
the effects of factors associated with high soft-drink intake. Machine-learning techniques were
used to classify, evaluate and compare the predictive performance of different models, and
determine the key variables that significantly influence consumer classification.

All statistical analyses and machine-learning procedures were conducted using R version 4.2.3,
IBM SPSS Statistics version 25, and Microsoft Office 2019.

2.7 Ethics approval and consent to participate

Ethical approval for this study was obtained from the Department of Statistics, Mawlana Bhashani
Science and Technology University (MBSTU), Bangladesh. The study was conducted in
accordance with the ethical principles and guidelines of the approving institution. Participation
was voluntary, and written informed consent was obtained from all participants before data
collection. The confidentiality and anonymity of the participants were maintained throughout the
study.

3 Results and Discussion
3.1 Univariate and Bivariate Analyses

Among the 450 participants, 51.3% were male and 48.7% were female. Overall, 33.6% were
classified as high soft-drink consumers (>1 L/week), while 66.4% were classified as normal
consumers.

Table 1 presents the chi-square tests of independence used to examine associations between the
study variables and soft-drink consumption level (normal vs. high). Demographic, habitual,
thematic, and attitudinal variables showed statistically significant associations with consumption
level.



Age (D1) was significantly associated with consumption level (P = 0.036); the highest proportion
of high consumers was observed among participants aged 27-30 years (52.8%). Academic year
(D2) was also significantly associated with consumption (P = 0.018), with second-year students
showing the highest proportion of high consumption (48.8%). Marital status (D3) was significantly
associated with consumption (P = 0.029); 46.4% of married participants were high consumers
compared with 31.7% of unmarried participants.

Smoking status (H1) and alcohol consumption status (H2) were strongly associated with soft-drink
consumption level (P < 0.001). Among smokers, 57.5% were high consumers, compared with
24.1% of non-smokers. Among participants reporting alcohol consumption, 69.6% were high
consumers, compared with 28.4% among those reporting no alcohol consumption.

All thematic variables (T1-T3) and attitudinal variables (C1-C4) showed statistically significant
associations with soft-drink consumption level (P < 0.05). For T1 and T2, high consumption was
more common among participants who agreed with the statements, whereas for T3 it was more
common among those who reported no health problem related to soft-drink consumption. For C1—
C3, high consumption was more common among participants who disagreed with the statements,
while for C4 it was more common among those who agreed that soft drinks are very tasty.

Table 1: Distribution of respondents’ characteristics and perceptions by soft-drink
consumption level.

. Consumption Scale )
Variables Category Normal Consumer (%) High Consumer (%) X P

DI 19-22 129 (672) 63 (32.8)
23-26 153 (68.9) 69 (31.1) 6.623  0.036

27-30 17 (47.2) 19 (52.8)

D2 1 Year 56 (72.7) 21 (27.3)

2" Year 42(51.2) 40 (48.8)
31 Year 78 (72.9) 29 (27.1) 11.924 0.018

4% Year 66 (67.3) 32 (32.7)

5% Year 57 (66.3) 29 (33.7)

D3 Married 30 (53.6) 26 (46.4)
Unmarried 269 (68.3) 125 31.7) 4754 0029

H1 Smoker 54 (42.5) 73 (57.5)
Non -Smoker 245 (75.9) 78 (24.1) 45424 <0.001

H2 Yes 17 (30.4) 39 (69.6)
No 282 (71.6) 112 (28.4) 37359 <0.001

Tl Agree 60 (56.6) 46 (43.4)
Disagree 239 (69.5) 105 (30.5) 6.023 0.014

T2 Agree 44 (50.6) 43 (49.4)
Disagree 255 (70.2) 108 (29.8) 12.183 <0001

T3 Yes 249 (69.9) 107 (30.1)
No 50 (53.2) 44 (46.8) 9-3600.002

C1 Agree 237 (69.5) 104 (30.5)
Disagree 62 (56.9) 47 (43.1) 3901 0.015

2 Agree 257 (70.0) 110 (30.0)
Disagree 42 (50.6) 41 (49.4) 11456 001
C3 Agree 226 (69.8) 98 (30.2) 62 0017

Disagree 73 (57.9) 53 (42.1)



C4 Agree 211 (63.0) 124 (37.0)

Table 2 presents simple and multivariable logistic regression analyses of factors associated with
high soft-drink consumption. The multivariable model had an AIC of 491.4. The non-significant
Hosmer—Lemeshow goodness-of-fit test (P = 0.828) indicates no evidence of poor model fit. At
the coefficient level, 11 adjusted comparisons across nine variables were statistically significant
(P<0.05): D1, D2, D3, C2,C4,H1,H2, T1, and T3. Several simple-regression contrasts were also
significant, although not every category contrast was statistically significant.

Table 2: Simple and multivariable logistic regression estimates for factors associated with
high soft-drink consumption.

Simple Logistic Multivariable
Variables Categories Regression Logistic Regression
Sig. OR Sig. OR
D1 19-22 Vs 27-30® 0.02* 0.44 0.02%* 0.19
23-26 Vs 27-30® 0.01* 0.40 0.01%* 0.24
D2 1*" year Vs MS® 0.37 0.74 0.06 3.66
2" year Vs MS® 0.05* 1.87 0.00* 6.83
3" year Vs MS® 0.32 0.73 0.07 2.41
4™ year Vs MS® 0.88 0.95 0.04* 2.44
D3 Married Vs Unmarried® 0.03* 1.87 0.00* 3.18
Cl Agree Vs Disagree® 0.02* 0.58 0.30 0.71
C2 Agree Vs Disagree® 0.00%* 0.44 0.02* 0.47
C3 Agree Vs Disagree® 0.02* 0.60 0.91 0.97
C4 Agree Vs Disagree® 0.01* 1.92 0.00* 2.70
H1 Smoker Vs Non-smoke r® 0.00* 4.25 0.00* 3.31
H2 Yes Vs No® 0.00* 5.78 0.01* 2.76
T1 Agree Vs Disagree® 0.02* 1.75 0.04* 1.75
T2 Agree Vs Disagree® 0.00* 231 0.13 1.60
T3 Yes Vs No® 0.00* 0.49 0.04* 0.53
AIC 491.4

Hosmer and Lemeshow Test (Goodness of Fit)  0.828%***
® indicates the reference category; * indicates P < 0.05; OR = odds ratio.

3.2 Machine-Learning Classification

Seven machine-learning algorithms were used to classify participants in the test dataset as high or
normal soft-drink consumers. The data were split into 70% for model training and 30% for testing.
Predictive performance was evaluated using accuracy, 95% confidence intervals, sensitivity,
specificity, precision, and AUC. The results are presented in Table 3 and Figure 1.

Table 3: Predictive performance of seven machine-learning algorithms.
Performance LR RF NB LDA CART SVM KNN
Accuracy 0.7259  0.7704  0.7333  0.7185 0.7185  0.7407  0.7111




95% CI

Sensitivity
Specificity

Precision (PPV)

AUC

(0.6425, (0.6902,
0.7991)  0.8383)
0.8736  0.9540
0.4583  0.4375
0.7451  0.7545
0.7896  0.8460

(0.6504,
0.8057)
0.8391
0.5417
0.7684
0.7853

(0.6347, (0.6347,
0.7925)  0.7925)
0.8621  0.8161
04583  0.5417
0.7426  0.7634
0.7944  0.7750

(0.6583, (0.6269,
0.8123)  0.7858)
0.9770  0.9770
0.3125  0.2292
0.7203  0.6967
0.8020  0.7470

Random Forest achieved the highest overall accuracy (0.7704) and AUC (0.8460). Its sensitivity
was high (0.9540), although specificity was modest (0.4375). SVM and KNN had the highest
sensitivity (0.9770 each) but lower specificity (0.3125 and 0.2292, respectively). Naive Bayes had
the highest precision (0.7684), while Naive Bayes and CART had the highest specificity (0.5417
each). On balance, Random Forest was selected as the best-performing model because it achieved
the highest accuracy and AUC.

The ROC curves in Figure 1 further illustrate discrimination across the seven models. Random
Forest had the highest AUC (0.8460), followed by SVM (0.8020), LDA (0.7944), logistic
regression (0.7896), Naive Bayes (0.7853), CART (0.7750), and KNN (0.7470). Thus, Random
Forest showed the strongest overall discrimination between high and normal soft-drink consumers
in this dataset, while KNN had the lowest AUC.
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Figure 1: Receiver operating characteristic (ROC) curves and AUC values for the seven
machine learning models.



Figure 2 presents the distribution of minimal depth and mean minimal depth for predictors in the
Random Forest model. Lower mean minimal depth indicates greater variable importance. Smoking
status (H1; mean minimal depth = 2.02) and academic year (D2; 2.07) had the lowest mean
minimal depths and were therefore the two most important predictors. In contrast, C1 had the
highest mean minimal depth (2.88), indicating comparatively lower importance.

Distribution of minimal depth and its mean

2.02
D2 A Minimal depth
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Figure 2: Random Forest variable importance based on minimal depth.

4 Discussion

Our study identified a considerable prevalence of high soft-drink consumption among university
students in Bangladesh, with 33.6% classified as high consumers (>1 L/week), which is consistent
with findings from a previous study by Rahman et al. (2023). These findings suggest that intake
of sugar-sweetened beverages is an important nutritional issue among young adults. High soft-
drink consumption was significantly associated with a number of demographic, behavioral and
attitudinal factors. Strong associations were observed between high soft-drink intake and smoking
and alcohol consumption, suggesting that soft-drink consumption may be part of a broader pattern
of unhealthy lifestyle behaviors rather than an isolated dietary choice. Adolescents and young
adults have been found to exhibit similar behavioral clustering patterns (Bere et al., 2008; Pengpid
& Peltzer, 2020). The academic year was also an important predictor with second and fourth year
students having greater odds of high consumption. This may indicate greater independence,
academic pressure, peer influence and lifestyle transitions as students’ progress through university
students (West et al., 2006).



Traditional statistical methods were complemented by machine-learning analysis, which identified
complex trends related to consumption behavior. The random forest had the best prediction
performance with accuracy of 77.04% and AUC of 0.8460. Smoking status and academic year
were the strongest predictors, indicating that they may be useful in identifying students at increased
risk for excessive drinking. However, larger and more diverse populations for external validation
are needed before implementation in real-world settings.

These findings support the creation of specific university-based interventions for students with
multiple risk factors. Strategies that combine health education, the availability of healthier
beverages, and supportive campus food environments may help to decrease the consumption of
excessive soft drinks. Considering the well-known association between sugar-sweetened
beverages and obesity, metabolic disorders, and non-communicable diseases, reducing their
consumption among young adults may help prevent long-term disease (Basu et al., 2013; Trumbo
& Rivers, 2014; Vartanian et al., 2007).

To summarize, this study highlights the benefits of integrating epidemiological analysis with
machine-learning methods to better understand soft-drink consumption patterns. Future
longitudinal and multicenter studies are needed to establish causal relationships and improve the
generalizability of predictive models.

This study has several limitations that should be considered when interpreting the findings. First,
the cross-sectional design prevents establishing temporal relationships or causal associations
between soft-drink consumption and the identified demographic, behavioral, and attitudinal
factors. Second, participants were recruited using convenience sampling from a single university,
which may limit the representativeness of the sample and reduce the generalizability of findings
to students from other universities or regions of Bangladesh. Third, soft-drink consumption and
related behaviors were self-reported, which may introduce recall bias and social desirability bias.
Fourth, the study included a limited number of predictor variables; other potentially important
factors, such as dietary patterns, physical activity, socioeconomic status, family influence,
availability of beverages, and marketing exposure, were not assessed. Fifth, although machine-
learning models showed useful predictive performance, the dataset size was relatively modest and
external validation using an independent sample is required before applying these models in
broader populations. Future multicenter longitudinal studies with larger samples and additional
behavioral and environmental variables are recommended to improve prediction accuracy and
provide stronger evidence for intervention planning.

5 Conclusion

Among the 450 university students, 33.6% met the criterion for high soft-drink consumption (>1
L/week). Consumption level was significantly associated with demographic, habitual, thematic,
and attitudinal factors. Random Forest identified smoking status and academic year as the two
most important predictors and achieved the highest accuracy and AUC among the seven machine-
learning models, although its specificity remained modest. These findings support targeted health-
promotion interventions to reduce excessive soft-drink intake and encourage healthier beverage
choices among university students. Because this study used a cross-sectional design, convenience



sampling, and data from a single university, causal inferences cannot be made and generalizability
to other student populations should be interpreted cautiously.
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