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Abstract

Background: Self-medication (SM), the use of medicines without a doctor’s
supervision, is common in Bangladesh and other low- and middle-income coun-
tries and may cause adverse effects and contribute to antibiotic resistance. Factors
associated with SM have mostly been identified with a single analytical method,
leaving their consistency across methods underexplored. This study aimed to esti-
mate the prevalence of SM and identify associated factors by comparing several
methods within one interpretable framework.
Methods: A cross-sectional survey of 421 adults was conducted in Pabna Sadar,
Bangladesh. Four methods were applied in parallel to 13 variables and com-
pared at the variable level: chi-square tests, multivariable logistic regression,
LASSO stability selection, and SHAP-based importance from machine learning.
Nine models were compared by nested cross-validation (CV) and evaluated on
a held-out test set. Factors supported by at least two methods were considered
associated. Antibiotic SM was examined with multivariable logistic regression.
Results: The prevalence of SM in the previous month was 54.2%, and pharmacies
were the main source of medicine information (55.7%). Among self-medicators,
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39.0% took antibiotics, more often those aged 48 to 58 years than those aged 18
to 28 years. A chronic condition, gender, and education were supported by all
four methods, and occupation and awareness of the antibiotic-dairy interaction
by two. Respondents with a chronic condition had over four times the adjusted
odds of SM (adjusted odds ratio [AOR] 4.36; 95% confidence interval [CI] 2.61
to 7.27), and males had about twice the odds of females (AOR 2.13; 95% CI 1.17
to 3.87). Random forest achieved the highest discrimination (CV AUC 0.818 ±

0.052; test AUC 0.827).
Conclusions: SM was common in this setting. The identified factors depended
partly on the analytical method, and agreement across methods distinguished
robust from method-dependent factors. People with chronic conditions may need
particular attention, and the pharmacy counter may be a practical point for
intervention, including antibiotic sales. The framework may be applied to other
survey-based health studies.

Keywords: Self-medication, Antibiotic self-medication, Chronic condition,
Multivariable logistic regression, LASSO, SHAP, Interpretable machine learning,
Explainable artificial intelligence, Bangladesh

1 Background

Identifying the factors associated with a health behavior can help direct interventions
to the groups that may benefit most, and survey data are a common source for this
task. When studies of the same behavior report different factors, however, it may be
unclear which groups should be prioritized. This is the case for self-medication (SM),
the practice of diagnosing and treating one’s own illnesses without seeking professional
medical advice [1], for which the reported associated factors are often inconsistent
[2, 3]. SM is practiced worldwide, and reported prevalence varies widely [4–6]: a large
multi-country analysis estimated 34.3% across the European Union [3], while smaller
populations reported far higher figures, such as 67% among undergraduate students
in Somalia [7]. Although SM offers convenience and cost savings [8], it carries known
risks, including misdiagnosis, adverse effects, drug interactions, and dependence on
frequently misused medicines [9]. Antibiotic SM is also widely reported [10] and is of
particular concern given its contribution to antimicrobial resistance [11].

These risks are of particular concern in low- and middle-income countries, where
medicines such as antimicrobials are often obtained without a prescription [11], health-
care facilities can be far from home [5], and the sale of antibiotics without a prescription
may be weakly regulated [12]. Analgesics and antipyretics are among the most com-
monly self-medicated classes [7, 9, 13]. Bangladesh exemplifies this pattern, with SM
prevalence ranging from 41% to 73.6% [2, 5, 12–14]. In the Chittagong Hill Tracts,
nearly half of respondents self-medicated in the preceding year, and antibiotics were
among the most commonly self-medicated drugs (34.5%) [5], while metronidazole
(50.43%) was the most commonly self-medicated antibiotic in Rajshahi City [15]. SM
was commonly reported for fever, cold or flu, gastric problems, pain, allergies, and
headaches [13, 14]. Across studies, pharmacies, previous prescriptions, and personal
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experience are frequent sources of medicines and information [5, 16], and risky practices
such as not checking expiry dates have also been reported [17].

The factors associated with SM also differ across studies. For example, age, sex, and
educational attainment are commonly reported socio-demographic factors [3, 14, 18],
while perceived mildness of illness, prior experience with a medicine, and time savings
are commonly reported reasons [2, 6, 9]. However, another study reported no significant
socio-demographic differences [19]. A long-standing health condition has also been
associated with SM [2], although it has received less attention than socio-demographic
characteristics. Where directions can be compared, they are not always consistent:
higher educational attainment has been associated with greater SM in some studies
[3, 14], and lower in another [2]. Age shows a similar pattern: SM was highest among
adults aged 25 to 44 in one study [3], but lower among younger adults in others
[2, 14, 18]. From published results alone, it is difficult to tell whether these differences
reflect real population differences or the analytical choices of each study.

Many existing studies follow a similar conventional statistical approach: bivariate
analysis via the chi-square test or univariate logistic regression (LR), commonly fol-
lowed by multivariable LR [5, 14, 17, 18]. A few studies have used other methods;
for example, Tohan et al. [1] used one-way ANOVA and structural equation model-
ing to examine SM practices among university students in Bangladesh, and Nyarko et
al. [20] used a maximum difference model to rank the health conditions that prompt
antimicrobial SM in Ghana. LR yields interpretable adjusted odds ratios (AORs), but
a single fitted model does not show whether a variable is retained under resampling,
and it assumes additive effects unless interactions are specified. As a result, when stud-
ies report different factor sets, the results do not indicate which association is more
robust.

Machine learning (ML) may offer part of the remedy, and it is increasingly applied
in healthcare and epidemiological research [21], for example in disease prediction using
ensembles of classifiers [22], including stacking ensembles that combine several base
models through a meta-learner [23]. Because many ML models act as black boxes,
explainable artificial intelligence methods have been developed to interpret their out-
puts, as reviewed by Adadi and Berrada [24] and, for medical applications, by Tjoa
and Guan [25]. Among these, SHapley Additive exPlanations (SHAP), introduced by
Lundberg and Lee [26], is widely used to identify influential predictors, often after
several models are compared, and the best is selected [27, 28]. In Bangladesh, ML
with SHAP has been applied to national survey data, for example, to identify factors
for child undernutrition [29] and maternal postnatal care utilization [27]. Penalized
regression has also been used for feature selection, for example, by repeatedly fitting
elastic net models on data subsets to retain stable features [30].

In applied health research, statistical and ML methods are often combined in
sequence, with penalized regression selecting variables, a model fitted on them, and
SHAP explaining its output [28, 31], or, with LR, tree-based models, and SHAP
applied one after another, as in a hybrid framework [32]. Shahid et al. [33] found that
ML-enhanced and conventional LR models identified different risk factors from the
same survey data. Applications of ML to SM, however, remain limited, with examples
including retail purchasing data [34] and related work on medication adherence [35].
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Thus, in these studies, statistical and ML methods are often applied in sequence
or in isolation rather than in parallel, so their outputs are rarely compared systemat-
ically. These outputs are also not directly comparable: because categorical variables
enter as dummy indicators, regression, least absolute shrinkage and selection operator
(LASSO), and SHAP each return results per encoded category, while the chi-square
test gives a single result per variable. The methods also have different weaknesses.
Chi-square does not adjust for confounding, regression depends on a single model
specification, LASSO stability selection shows how often a variable is retained but not
direction or magnitude, and SHAP does not test significance. A factor identified by
several of these methods may therefore be less likely to depend on any single method.
In addition, antibiotic SM has more often been described than analyzed as an outcome
with its own correlates (e.g., [15]).

To address these gaps, this study aims to identify the factors associated with SM
using an interpretable framework that combines statistical and ML methods and com-
pares their results at the variable level. In addition, the prevalence, patterns, and
reasons for SM are estimated, and antibiotic SM is examined as a separate outcome
using multivariable LR. Because the design is cross-sectional, all findings are inter-
preted as associations rather than as causes. The main contributions of this study are
as follows.

• An interpretable framework is presented that applies bivariate chi-square testing,
multivariable LR, LASSO stability selection, and SHAP-based importance in paral-
lel to a common variable set. The framework aggregates their outputs from category
to variable level so that all four are comparable, and treats agreement between at
least two methods as the basis for identifying an associated factor, with agreement
of all four as the strongest support, rather than relying on a single method.

• Using this framework, factors associated with SM are identified using each method
separately, and the results are then compared. The variables cover demographic,
socioeconomic, health, and healthcare-access and medication-related characteristics,
and SHAP is derived from the best-performing of nine ML candidate models (seven
classifiers and two ensembles) compared under nested cross-validation (CV). Dis-
agreement between methods is also examined, as it may help identify associations
that depend on adjustment.

• The prevalence and patterns of SM among adults in Pabna Sadar are reported,
including the socio-demographic and health characteristics of respondents, the
conditions self-treated, the medicines most commonly used, and the reasons
reported.

• Antibiotic SM among those who self-medicate is examined as a separate outcome,
and its associated factors are identified using multivariable LR.

The rest of the paper is organized as follows. Section 2 describes the study design,
data collection, and the proposed framework. Section 3 presents the experimental
results. Section 4 interprets the major findings, discusses their implications, and
outlines the study’s limitations. Finally, Section 5 concludes the paper.
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2 Methods

This section presents the data collection, preprocessing, and the statistical and ML
methods used to determine the prevalence and identify the associated factors of SM
among adults in Pabna Sadar, Bangladesh. Fig. 1 summarizes the proposed framework.
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Fig. 1: Proposed interpretable framework for identifying factors associated with SM
across four methods. Factors flagged by at least two methods were considered associ-
ated.

2.1 Study design and participants

This cross-sectional study was conducted among adults aged 18 years and above
in Pabna Sadar, Bangladesh, from November to December 2023. Given wide cross-
population variation in reported SM prevalence (34.3%–67%) [3, 7], the expected
proportion was taken from a Bangladeshi community study that reported a prevalence
of 60.2% [2], giving P = 0.60. The sample size was calculated using Cochran’s formula
[36], a commonly applied approach in prevalence-based health surveys [7]:

n =
Z2
α/2P (1− P )

e2
(1)

where Zα

2
is the value of the standard normal variate (Z0.025 = 1.96), and e = 0.05

is the acceptable margin of error. This yielded n ≈ 369; to account for possible non-
response, the sample was increased, and 421 respondents were surveyed. Convenience
sampling was used, as it has been widely adopted in SM studies [7, 9, 18]. Participants
who were accessible and willing were recruited via personal interviews and an online
form (Google Forms).
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2.2 Study variables and measurement

Data were collected using a structured questionnaire developed after reviewing the lit-
erature on SM practices. Categorical responses (e.g., yes/no items, five-point scales)
were coded numerically, and SM practice was used as the response variable, coded 1
if the respondent practiced SM in the previous month and 0 otherwise. Explanatory
variables were drawn from four domains: demographic (gender, residence, age group);
socioeconomic (level of education, occupation, monthly family income in Bangladeshi
Taka (BDT)); health characteristics (body mass index (BMI) category, presence of
chronic health condition); and healthcare access and medication-related factors (per-
ceived cost-saving of SM, doctor’s advice availability, reading instructions before use,
time constraint for doctor visit, awareness of antibiotic-dairy interaction). Presence
of chronic health condition was a composite indicator, coded 1 if the respondent
reported any of twelve listed conditions (hypertension, diabetes, gastritis, enteri-
tis, chronic obstructive pulmonary disease, asthma, fatty liver disease, heart disease,
stroke, nephritis, malignant tumour, or viral hepatitis).

Age was grouped into four 10-year intervals (18–28, 28–38, 38–48, 48–58), with the
oldest respondents combined into a single open-ended category (58 and above), giving
five age groups. BMI was classified using the World Health Organization (WHO)
standard cutoff [37] as underweight (< 18.50), normal (18.50 − 24.99), overweight
(25.00 − 29.99), or obese (≥ 30.00 kg/m2)1 . Two height or weight entry errors were
corrected, and missing weight (n = 8) and height (n = 2) were mean-imputed. In
addition, respondents’ reasons for practicing SM, the diseases/symptoms self-treated,
and the medicines commonly used were recorded as multi-response checklist items
and summarized descriptively; these were not included as explanatory variables in
the association analyses, although antibiotic use derived from the medicines item was
analyzed as a secondary outcome. Five self-medicating respondents did not complete
these items and were excluded from the corresponding analyses (n = 223).

2.3 Statistical analysis

Descriptive statistics were computed for recorded variables, including the reasons for
SM, the diseases/symptoms self-treated, and the medicines most commonly used, sum-
marized as frequencies and percentages and presented using bar diagrams to show the
scenario of SM practice. The explanatory variables were then analyzed using the follow-
ing statistical methods to identify factors associated with SM. Statistical significance
was set at p < 0.05 unless otherwise stated.

Bivariate analysis. The association between each explanatory variable and SM
practice was assessed using the chi-square test [38], testing the null hypothesis of
independence with the test statistic:

χ2 =

r
∑

i=1

c
∑

j=1

(Oij − Eij)
2

Eij
(2)

1Overweight and obese categories were merged into a single category for analysis due to the small number
of respondents in the obese category (n = 14).
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where Oij and Eij are the observed and expected cell frequencies; the χ2 statistic
follows a χ2 distribution with (r− 1)(c− 1) degrees of freedom, where r and c are the
numbers of rows and columns of the contingency table. The Cochran-Armitage test
was also used to assess a linear trend in SM across the number of chronic conditions
(0 to 4) [39].

Multivariable logistic regression. To assess multivariable association, mul-
tivariable LR [40] was used to obtain AORs with 95% confidence intervals (CIs),
controlling for potential confounding among predictors:

log

(

πi

1− πi

)

= β0 + β1x1 + β2x2 + · · ·+ βkxk (3)

where πi is the probability that respondent i practices SM, β0 is the intercept, βj

are the coefficients for the explanatory variables xj(j = 1, 2, · · · , k). Each categorical
variable entered the model as a set of dummy (one-hot) indicators relative to a refer-
ence category. Crude odds ratios (CORs) were obtained from single-predictor models,
and the significance of individual coefficients was assessed by Wald tests. Model fit
and discrimination were then assessed using a calibration plot and the area under the
receiver operating characteristic curve (AUC), and multicollinearity among predictors
was evaluated using the generalized variance inflation factor (GVIF) [41]. A secondary
model applied the same approach to antibiotic SM among self-medicators, defined as
non-prescribed use of any antibiotic, including metronidazole, and adjusted for gen-
der, age group, level of education, and presence of any chronic condition. This model
was analyzed separately and was not part of the cross-method framework.

LASSO stability selection. To further assess which predictors were consistently
retained under penalization, LASSO regression [42] was applied with stability selection
[43], imposing an L1 penalty on the regression coefficients to shrink weaker predictors
toward zero:

β̂ = argmin
β

⎡

⎣−ℓ(β) + λ
∑

j

|βj |

⎤

⎦ (4)

where β̂ is the estimated coefficient vector, ℓ(β) is the log-likelihood of the LR model,
and λ is the regularization (shrinkage) parameter controlling the penalty strength
(implemented as C = 1

λ = 0.1, with all design-matrix columns standardized before
fitting). The model was refitted across 500 subsamples, each comprising 50% of the
analytic sample drawn without replacement. Because each categorical predictor was
represented by dummy terms, a term was counted as selected in a given subsample if
its coefficient was non-zero, and a variable if any of its terms was selected; a variable
was deemed stable when its variable-level selection frequency was at least 0.60.

2.4 Machine learning methods

The ML analysis followed the steps shown in Fig. 1. The dataset was first divided into
75% training and 25% testing sets using a stratified split. The same explanatory vari-
ables used in the statistical analysis were used to train seven ML models including LR
classifier [40], k-nearest neighbors (KNN) [44], support vector machine (SVM) [45],
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decision tree (DT) [46], random forest (RF) [47], gradient boosting machine (GBM)
[48], and extreme gradient boosting (XGBoost) [49] representing diverse algorith-
mic families (linear, instance-based, kernel-based, tree-based, and ensemble methods).
Categorical predictors were one-hot encoded (dummy coded) within a preprocessing
pipeline fit only on the training data. For each ML model, hyperparameters were tuned
via randomized search within a 5-fold inner CV loop (Table 1), nested inside a 5× 5
repeated stratified outer CV (25 outer folds) to allow a fair comparison and reduce
the optimistic bias that arises when hyperparameters are tuned and performance is
estimated on the same data [50]. For each model, mean ± SD (standard deviation)
across the 25 outer folds was reported for AUC, accuracy, precision, recall, F1 score,
and Brier score, defined in Eqs (5)–(10); all are higher-is-better except the Brier score.
AUC was used as the primary metric because it is independent of the classification
threshold.

Accuracy =
TN + TP

TN + TP + FN + FP
(5)

Precision =
TP

TP + FP
(6)

Recall =
TP

TP + FN
(7)

F1 score = 2×
Precision× Recall

Precision + Recall
(8)

where TP, TN, FP, and FN represent true positives, true negatives, false positives and
false negatives, respectively.

AUC =
1

n+n−

n+
∑

i=1

n−
∑

j=1

1
{

π̂(x+
i ) > π̂(x−

j )
}

(9)

where n+ and n
−

denote the number of positive and negative instances, and π̂(x) is
the predicted probability for observation x; and 1{·} is the indicator function, equal
to 1 when the enclosed condition holds and 0 otherwise. AUC is thus the probability
that a randomly chosen positive instance is ranked above a randomly chosen negative
one [51]. The accuracy of the predicted probabilities was assessed with the Brier score:

Brier score =
1

N

N
∑

i=1

(π̂i − yi)
2

(10)

where π̂i is the predicted probability and yi ∈ {0, 1} is the observed outcome for
observation i, and N is the number of observations in the evaluation set [52].

Two ensemble models were built from the seven tuned base models, each fit with
its best configuration: (i) a soft-voting ensemble, weighted by a softmax of each base
model’s mean CV score across five metrics [53], and (ii) a stacking ensemble, in which
out-of-fold predicted probabilities of the seven base models were combined by an LR
meta-learner [54]. Both ensembles were evaluated under the same outer CV as the
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Table 1: Hyperparameter settings and selected parameters of each
ML model.

Model Hyperparameter (search space) Selected value

LR
C ∈ {0.001, 0.01, 0.03, 0.1, 0.3, 1, 3, 10, 30, 100} 0.03
class weight ∈ {None, balanced} None
solver ∈ {lbfgs, liblinear} liblinear

KNN
n neighbors ∈ {3, 5, 7, 9, 11, 15, 21} 21
weights ∈ {uniform, distance} distance
p ∈ {1, 2} 1

SVM
C ∈ {0.01, 0.1, 0.3, 1, 3, 10, 30, 100} 3
gamma ∈ {scale, auto, 0.001, 0.01, 0.1, 1} scale
kernel ∈ {rbf, linear} rbf

DT

max depth ∈ {2, 3, 4, 5, 6, 8} 8
min samples leaf ∈ {3, 5, 10, 15, 20} 10
min samples split ∈ {2, 5, 10, 20} 5
criterion ∈ {gini, entropy} entropy

RF

n estimators ∈ {100, 200, 300, 500, 800} 300
max depth ∈ {3, 4, 5, 6, 8, 10, None} None
min samples leaf ∈ {1, 2, 3, 5, 8, 10} 1
max features ∈ {sqrt, log2, None} log2

GBM

n estimators ∈ {100, 200, 300, 500} 100
learning rate ∈ {0.01, 0.05, 0.1, 0.2} 0.1
max depth ∈ {2, 3, 4, 5} 5
subsample ∈ {0.6, 0.8, 1.0} 0.8
min samples leaf ∈ {1, 5, 10} 1

XGBoost

n estimators ∈ {100, 200, 300, 500} 500
max depth ∈ {2, 3, 4, 5, 6} 6
learning rate ∈ {0.01, 0.03, 0.05, 0.1, 0.2} 0.1
subsample ∈ {0.6, 0.8, 1.0} 0.8
colsample bytree ∈ {0.6, 0.8, 1.0} 0.8
reg lambda ∈ {0.1, 1, 5, 10} 0.1

Note: Selected values correspond to the highest cross-validated AUC per model.
The number of configurations sampled by the randomized search was 25 (LR),
28 (KNN), 30 (SVM), 30 (DT), 40 (RF), 40 (GBM), and 50 (XGBoost).

seven base models (nine candidates in total), with base-model hyperparameters fixed
at the values tuned on the full training set. The Friedman test [55] was then applied to
assess overall differences among the nine candidates’ AUC scores, followed byWilcoxon
signed-rank tests [56] with Holm correction [57] for pairwise comparisons, given the
distribution-free nature of these tests. The base model with the highest mean CV AUC
was selected using its configuration tuned on the full training set (Table 1). All nine
candidates were evaluated once on the held-out test set, reporting the same metrics.
The test AUC of the selected model was compared with those of the two ensembles
using DeLong’s test [58]. Finally, predictor importance was assessed for the selected
ML model using SHAP [26], computed on the test set with TreeExplainer [59]. The
random seed was fixed at 91 for all analyses.
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2.5 Proposed interpretable framework

Because each categorical predictor was represented by multiple dummy columns, per-
category estimates from SHAP, multivariable LR, and LASSO were aggregated to
the variable level for comparability with the bivariate chi-square test, which evalu-
ates each variable as a whole. For SHAP, the signed values were summed across a
variable’s dummy columns for each test-set observation, and variable-level importance
was taken as the mean absolute value of these per-observation sums. For multivariable
LR, a single overall p-value per variable was obtained via a likelihood-ratio test (LRT)
comparing the full model against a reduced model omitting that variable’s dummy
terms:

G2 = 2(ℓfull − ℓreduced) (11)

where ℓfull and ℓreduced are the maximized log-likelihoods of the full and reduced
models. Under H0 that all omitted coefficients are zero, G2 follows an asymptotic χ2

distribution with degrees of freedom equal to the number of dummy terms removed
[60]. For LASSO, the variable-level selection frequency defined in Section 2.3 was used.
Associated factors of SM were then identified by combining these four variable-level
signals; because this approach rests on agreement between methods rather than on
any single test, a deliberately liberal screen was applied to each signal. A predictor
was considered a robustly associated factor when flagged by at least two of the four
methods, with agreement of all four taken as the strongest support; a variable was
counted as flagged when its chi-square or likelihood-ratio p-value was at most 0.10, its
selection frequency was at least 0.60, or its aggregated SHAP importance was above
the median. The procedure is summarized in Algorithm 1.

3 Results

This section describes the characteristics of the respondents and the patterns and
reasons for SM. It also presents the factors associated with SM across the four methods
of the proposed interpretable framework and their agreement at the variable level,
followed by the analysis of antibiotic SM.

3.1 Characteristics of the respondents

Of the 421 participants, 228 (54.2%) reported SM in the past month (Fig. 2a). The
characteristics of respondents across four domains, with the proportion practicing SM
within each category, are described below and shown in Table 2.

Demographic. Most respondents were male (n = 324, 77.0%), and lived in urban
areas (n = 299, 71.0%). SM was reported by a higher proportion of male (59.6%)
than female (36.1%), and by broadly similar proportions of urban (53.2%) and rural
(56.6%) respondents. Nearly half of the respondents were aged 18 to 28 years (n = 197,
46.8%), and the number of respondents generally decreased with increasing age. SM
was least common in the youngest group (47.2%), and most common among those
aged 28 to 38 years (65.1%), followed by those aged 58 years and above (63.4%).

Socioeconomic. The largest educational group was graduation and above (n =
166, 39.4%). SM was reported by 62.0% of those with graduation and above, 58.7%

10



Algorithm 1 Proposed interpretable framework for identifying factors associated
with SM

Input: Dataset D, variables V, p threshold α = 0.10, LASSO threshold τ = 0.60,
subsamples B = 500

Output: Associated factors A, ranked by agreement score sv
1: for each v ∈ V do

2: Compute chi-square p value pχ
2

v

3: end for

4: Fit multivariable LR on V
5: for each v ∈ V do

6: Compute LRT p value pLRTv (Eq (11))
7: end for

8: for b = 1 to B do

9: Draw a 50% subsample of D without replacement
10: Fit L1 penalized LR (C = 0.1) on standardized columns
11: Record v as selected if any of its dummy terms is nonzero
12: end for

13: fv ← selection frequency of v over the B subsamples
14: Split D into stratified training (75%) and test (25%) sets
15: Train nine candidate models under nested CV on the training set
16: Select the base model with the highest mean CV AUC
17: Fit the selected model on the full training set with its tuned hyperparameters

(Table 1)
18: Compute SHAP values on the test set
19: Iv ← mean over test observations of —sum of SHAP values over the dummy

columns of v—
20: for each v ∈ V do

21: sv ← 1{pχ
2

v ≤ α}+ 1{pLRTv ≤ α}+ 1{fv ≥ τ}+ 1{Iv > median(I)}
22: end for

23: A ← {v ∈ V : sv ≥ 2}, ranked by sv
24: return A

of those with no formal education, and 42.5% of those educated to secondary level.
Students formed the largest occupational group (n = 138, 32.8%) followed by business
(n = 111, 26.4%), service holders (n = 97, 23.0%) and other occupations (n = 75,
17.8%); the proportion practicing SM ranged from 47.1% among students to 62.9%
among service holders. Just over half of the participants (n = 221, 52.5%) had a
monthly family income of BDT 10,000 to 30,000, and SM was broadly similar across
income groups.

Health. Most respondents were in the normal BMI range (n = 257, 61.0%), and
the proportion practicing SM was higher in the overweight or obese group than in the
other two groups. Chronic conditions were common: 248 respondents (58.9%) reported
at least one, and SM was reported by 68.1% of them compared with 34.1% of those
without.
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Table 2: Socio-demographic and behavioral characteristics of respondents and their
associated factors with SM using bivariate and multivariable analysis.

Variable Category Total, n (%)
SM Bivariate analysis Multivariable analysis

Yes, n (%) No, n (%) χ2 p value COR (95% CI) AOR (95% CI) p value

Gender
Female 97 (23.0) 35 (36.1) 62 (63.9)

15.652 < 0.001∗∗∗
Ref. Ref. –

Male 324 (77.0) 193 (59.6) 131 (40.4) 2.61 (1.63–4.18) 2.13 (1.17–3.87) 0.014∗∗

Residence
Urban 299 (71.0) 159 (53.2) 140 (46.8)

0.274 0.601
Ref. Ref. –

Rural 122 (29.0) 69 (56.6) 53 (43.4) 1.15 (0.75–1.75) 1.63 (0.95–2.80) 0.076∗

Age group

18–28 197 (46.8) 93 (47.2) 104 (52.8)

10.565 0.032∗∗

Ref. Ref. –

28–38 86 (20.4) 56 (65.1) 30 (34.9) 2.09 (1.24–3.53) 1.66 (0.80–3.44) 0.172

38–48 56 (13.3) 28 (50.0) 28 (50.0) 1.12 (0.62–2.03) 0.92 (0.40–2.10) 0.840

48–58 41 (9.7) 25 (61.0) 16 (39.0) 1.75 (0.88–3.47) 1.25 (0.48–3.23) 0.651

58+ 41 (9.7) 26 (63.4) 15 (36.6) 1.94 (0.97–3.88) 1.71 (0.62–4.70) 0.298

Level of education

No formal education 46 (10.9) 27 (58.7) 19 (41.3)

11.394 0.023∗∗

Ref. Ref. –

Primary 42 (10.0) 24 (57.1) 18 (42.9) 0.94 (0.40–2.19) 1.01 (0.36–2.86) 0.980

Secondary 73 (17.3) 31 (42.5) 42 (57.5) 0.52 (0.25–1.10) 1.06 (0.40–2.81) 0.913

Higher secondary 94 (22.3) 43 (45.7) 51 (54.3) 0.59 (0.29–1.21) 1.58 (0.56–4.46) 0.385

Graduation and above 166 (39.4) 103 (62.0) 63 (38.0) 1.15 (0.59–2.24) 2.66 (0.98–7.20) 0.054∗

Occupation

Student 138 (32.8) 65 (47.1) 73 (52.9)

8.147 0.043∗∗

Ref. Ref. –

Service holder 97 (23.0) 61 (62.9) 36 (37.1) 1.90 (1.12–3.23) 1.68 (0.79–3.60) 0.181

Business 111 (26.4) 66 (59.5) 45 (40.5) 1.65 (0.99–2.73) 1.93 (0.82–4.52) 0.131

Other 75 (17.8) 36 (48.0) 39 (52.0) 1.04 (0.59–1.82) 1.02 (0.43–2.42) 0.965

Monthly family

income (BDT)

<10,000 73 (17.3) 37 (50.7) 36 (49.3)

0.999 0.801

Ref. Ref. –

10,000–30,000 221 (52.5) 118 (53.4) 103 (46.6) 1.11 (0.66–1.89) 1.05 (0.56–1.95) 0.888

30,000–60,000 74 (17.6) 43 (58.1) 31 (41.9) 1.35 (0.70–2.59) 1.19 (0.55–2.57) 0.662

60,000+ 53 (12.6) 30 (56.6) 23 (43.4) 1.27 (0.62–2.58) 1.24 (0.52–2.94) 0.624

BMI category

Underweight 53 (12.6) 27 (50.9) 26 (49.1)

5.842 0.054∗
1.01 (0.56–1.83) 1.47 (0.71–3.03) 0.302

Normal 257 (61.0) 130 (50.6) 127 (49.4) Ref. Ref. –

Overweight/Obese 111 (26.4) 71 (64.0) 40 (36.0) 1.73 (1.10–2.74) 1.66 (0.95–2.89) 0.074∗

Presence of chronic
health condition

No 173 (41.1) 59 (34.1) 114 (65.9)
46.205 < 0.001∗∗∗

Ref. Ref. –

Yes 248 (58.9) 169 (68.1) 79 (31.9) 4.13 (2.74–6.24) 4.36 (2.61–7.27) < 0.001∗∗∗

Perceived cost-
saving of SM

Strongly disagree 19 (4.5) 9 (47.4) 10 (52.6)

5.452 0.244

Ref. Ref. –

Disagree 69 (16.4) 45 (65.2) 24 (34.8) 2.08 (0.75–5.82) 1.48 (0.42–5.22) 0.543

Neutral 65 (15.4) 30 (46.2) 35 (53.8) 0.95 (0.34–2.65) 0.89 (0.25–3.13) 0.851

Agree 182 (43.2) 98 (53.8) 84 (46.2) 1.30 (0.50–3.34) 0.97 (0.30–3.11) 0.959

Strongly agree 86 (20.4) 46 (53.5) 40 (46.5) 1.28 (0.47–3.46) 1.25 (0.37–4.28) 0.718

Doctor’s advice
availability

No 171 (40.6) 90 (52.6) 81 (47.4)
0.176 0.675

Ref. Ref. –

Yes 250 (59.4) 138 (55.2) 112 (44.8) 1.11 (0.75–1.64) 1.50 (0.92–2.45) 0.100†

Reads instructions
before use

Never 120 (28.5) 67 (55.8) 53 (44.2)

1.836 0.766

Ref. Ref. –

Rarely 34 (8.1) 19 (55.9) 15 (44.1) 1.00 (0.47–2.16) 0.75 (0.29–1.95) 0.552

Sometimes 115 (27.3) 58 (50.4) 57 (49.6) 0.80 (0.48–1.34) 1.25 (0.64–2.46) 0.508

Often 51 (12.1) 31 (60.8) 20 (39.2) 1.23 (0.63–2.39) 1.24 (0.53–2.93) 0.622

Always 101 (24.0) 53 (52.5) 48 (47.5) 0.87 (0.51–1.49) 0.90 (0.47–1.73) 0.759

Time constraint
for doctor visit

Never 111 (26.4) 59 (53.2) 52 (46.8)

3.952 0.413

Ref. Ref. –

Rarely 54 (12.8) 36 (66.7) 18 (33.3) 1.76 (0.90–3.47) 2.06 (0.90–4.72) 0.087∗

Sometimes 96 (22.8) 50 (52.1) 46 (47.9) 0.96 (0.55–1.66) 0.94 (0.47–1.86) 0.857

Often 58 (13.8) 30 (51.7) 28 (48.3) 0.94 (0.50–1.78) 1.00 (0.44–2.27) 0.996

Always 102 (24.2) 53 (52.0) 49 (48.0) 0.95 (0.56–1.63) 1.32 (0.66–2.66) 0.434

Awareness of
antibiotic-dairy
interaction

Poor 37 (8.8) 21 (56.8) 16 (43.2)

6.407 0.269

Ref. Ref. –

Fair 18 (4.3) 10 (55.6) 8 (44.4) 0.95 (0.31–2.96) 0.90 (0.23–3.49) 0.878

Good 92 (21.9) 58 (63.0) 34 (37.0) 1.30 (0.60–2.82) 1.26 (0.48–3.29) 0.636

Very good 30 (7.1) 17 (56.7) 13 (43.3) 1.00 (0.38–2.63) 1.77 (0.53–5.90) 0.355

Excellent 17 (4.0) 6 (35.3) 11 (64.7) 0.42 (0.13–1.36) 0.21 (0.05–0.83) 0.027∗∗

Not applicable 227 (53.9) 116 (51.1) 111 (48.9) 0.80 (0.40–1.60) 0.73 (0.31–1.73) 0.477

Note: COR = crude odds ratio; AOR = adjusted odds ratio; CI = confidence interval; Ref. =
reference category. Bivariate p values are from the chi-square test; multivariable p values are Wald p

values from the multivariable LR model. *p < 0.10; **p < 0.05; ***p < 0.001. †p = 0.100,
borderline significance at the 10% level.

Healthcare access and medication-related. Doctor’s advice was available
to 250 respondents (59.4%). Most respondents agreed that SM reduces expenditure
(n = 268, 63.7% agreeing or strongly agreeing), while 20.9% disagreed or strongly dis-
agreed, and 15.4% were neutral. Reading instructions before taking a medicine was
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inconsistent: 36.1% of respondents did so always or often, 27.3% sometimes, and 36.6%
rarely or never. Time constraints on visiting a doctor were reported as always or
often by 160 respondents (38.0%), sometimes by 22.8%, and rarely or never by 39.2%.
Awareness of the antibiotic-dairy interaction was rated good or better by 139 respon-
dents (33.0%) and fair or poor by 13.1%, while 227 (53.9%) chose the ”not applicable”
option. For the four ordinal items, the proportion practicing SM showed no consistent
gradient across categories.
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Fig. 2: Patterns of SM practice among respondents. (a) SM practice in the past
month (n = 421). (b) Frequency of SM use in the past year (n = 421). (c) Sources
of information for SM among past-year self-medicators (n = 341). (d) Reasons for
SM among self-medicators (n = 223). Panels (c) and (d) are multiple-response items;
percentages do not sum to 100%.

3.2 Patterns and reasons for SM

The frequency of SM during the previous year is shown in Fig. 2b; the most com-
mon response was two to five times (n = 135, 32.1%), and 42 respondents (10.0%)
did not answer this item. Among the self-medicators (n = 223), gastric problems
(n = 104, 46.6%) and fever, cold or flu (n = 101, 45.3%) were the most common
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conditions treated, followed by nasal congestion (n = 71, 31.8%), and skin allergy
(n = 68, 30.5%): the remaining conditions were each reported by fewer than a quarter
of respondents (Supplementary information). SM was not limited to acute complaints:
chronic conditions were also self-treated, including hypertension (n = 40, 17.9%) and
diabetes (n = 27, 12.1%).

Asked why they treated these conditions themselves rather than seeking care,
respondents often cited the availability of medicines without a prescription (n = 75,
33.6%), followed by dislike of visiting a hospital and inability to manage time (n = 50,
22.4% each); each of the remaining reasons was reported by fewer than 21% (Fig.
2d). The information behind these choices came most often from a local pharmacy
(n = 190, 55.7%), followed by internet search (n = 73, 21.4%), advertisements (n = 42,
12.3%), another person’s prescription (n = 39, 11.4%), and social media such as
Facebook or Instagram (n = 28, 8.2%) (Fig. 2c).

Medicines reported for SM were grouped into generic classes and labeled by regu-
latory status using the OTC drug list proposed in Appendix 5 of the National Drug
Policy 2016 [61]: classes whose medicines appear on the list were labeled OTC, those
absent from it non-OTC, and those combining medicines of different status mixed
(Table 3). Paracetamol (n = 146, 65.5%) was the most frequently reported OTC
class. Non-OTC classes were also widely used, most often antihistamines and anti-
allergics (n = 124, 55.6%), followed by guaiphenesin (n = 42, 18.8%) and montelukast
(n = 28, 12.6%). Among the mixed classes, acid-reducing medicines (n = 118, 52.9%)
and antibiotics (n = 87, 39.0%) were the most frequently reported; of the antibiotics,
only metronidazole is listed as OTC.

Table 3: Common drug classes used for SM and their regulatory status (n = 223).

Drug class n (%) Status Drug class n (%) Status

Paracetamol 146 (65.5) OTC Antidepressants 12 (5.4) Non-OTC
Xylometazoline 25 (11.2) OTC Antispasmodic 7 (3.1) Non-OTC
Multivitamin 7 (3.1) OTC Norethisterone 7 (3.1) Non-OTC
Antihistamines/anti-allergics 124 (55.6) Non-OTC Acidity medicines1 118 (52.9) Mixed
Guaiphenesin 42 (18.8) Non-OTC Antibiotics2 87 (39.0) Mixed
Montelukast 28 (12.6) Non-OTC NSAIDs/analgesics3 61 (27.4) Mixed
Topical antifungals/steroids 16 (7.2) Non-OTC Other/unclassified 5 (2.2) –

Note: Multiple-response item; percentages do not sum to 100%.
1Antacids and omeprazole are listed as OTC; esomeprazole is not (22, 9.6%).
2Only metronidazole (15, 6.7%) is listed as OTC; all other antibiotics in this class are non-OTC.
3Only diclofenac gel (8, 3.6%) is listed as OTC; the other NSAIDs in this class are not.
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3.3 Factors associated with SM

This subsection identifies the factors associated with SM using the proposed framework
(Section 2.5). The four methods are first reported separately (Sections 3.3.1 to 3.3.4)
and then compared at the variable level (Section 3.3.5).

3.3.1 Bivariate analysis

The chi-square test was used to assess the association between SM and each candidate
factor (Table 2). The presence of any chronic condition (χ2 = 46.21, p < 0.001) and
gender (χ2 = 15.65, p < 0.001) showed the strongest associations. Level of education
(p = 0.023), age group (p = 0.032), and occupation (p = 0.043) were also associated
at the 5% level, and BMI category was borderline, reaching the 10% significance level
(p = 0.054), while residence and monthly family income were not associated (p = 0.601
and p = 0.801), nor were any of the five healthcare access and medication-related
variables (p ≥ 0.244). The association with chronic conditions was further examined
by the number of conditions rather than presence alone, as shown in Fig. 3. SM was
practiced by 59 of 173 respondents with no chronic condition (34.1%), rising to 104 of
161 with one (64.6%), 38 of 52 with two (73.1%), 20 of 26 with three (76.9%) and 6 of 7
with four (85.7%). A Cochran-Armitage test indicated a significant trend across these
categories (z = 6.42, p < 0.001); ; two respondents reporting six chronic conditions
were excluded from this test because of the sparse cell. The largest increase occurred
between no condition and one, with smaller increases thereafter, although the highest
categories contain few respondents, so those proportions are less precise.
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Fig. 3: Proportion of respondents practicing by number of chronic conditions. Values
in parentheses on the x-axis are the number of respondents in each category.
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3.3.2 Multivariable logistic regression

All thirteen explanatory variables were entered into the multivariable LR model (n =
421, 228 events); CORs and AORs with 95% CIs and Wald p-values for every category
are given in Table 2. Three category comparisons were significant at the 5% level. The
odds of practicing SM were more than four times higher among respondents with at
least one chronic condition than among those without (AOR 4.36, 95% CI 2.61–7.27,
p < 0.001), the largest AOR in the model, and approximately twice as high among male
as among female respondents (AOR 2.13, 95% CI 1.17–3.87, p = 0.014). Respondents
rating their awareness of the antibiotic-dairy interaction as excellent had lower odds
than those rating it poor (AOR 0.21, 95% CI 0.05–0.83, p = 0.027), though based on
only 17 respondents.

Five further comparisons fell at or near the 10% level. The odds of practicing SM
were higher among respondents with graduation and above than among those with
no formal education (AOR 2.66, 95% CI 0.98–7.20, p = 0.054), among overweight or
obese respondents than among those of normal BMI (AOR 1.66, 95% CI 0.95–2.89,
p = 0.074), and among rural than urban residents (AOR 1.63, 95% CI 0.95–2.80,
p = 0.076), among those who rarely rather than never reported time constraints on
visiting a doctor (AOR 2.06, 95% CI 0.90–4.72, p = 0.087), and among those with
access to doctor’s advice than among those without (AOR 1.50, 95% CI 0.92–2.45, p =
0.100), though none of these intervals excluded unity. The time-constraint comparison
was isolated, with the remaining categories of that variable sitting close to unity
(AOR 1.32, 1.00, and 0.94) and no monotonic pattern across them. For residence, the
adjusted estimate was larger than the crude one, suggesting an association masked
in the unadjusted comparison. Within education, the intermediate categories did not
differ from no formal education: primary (AOR 1.01, p = 0.980), secondary (AOR
1.06, p = 0.913), and higher secondary (AOR 1.58, p = 0.385).

At the variable level, the LRT identified the presence of any chronic condition,
gender, and antibiotic-dairy awareness as significant at the 5% level. Level of edu-
cation, residence, and availability of doctor’s advice reached significance only at the
10% level (0.05 ≤ p ≤ 0.10). The remaining seven variables were not associated after
adjustment (Fig. 7).

Multicollinearity was not severe: the highest GVIF1/(2 df) across the 13 predictors
was 1.27 (for occupation), well below the threshold of 2.24 (Supplementary informa-
tion).The model achieved an apparent AUC of 0.773, and the calibration plot (Fig.
4) showed predicted probabilities tracking observed proportions across most of the
range, with the largest departures in the third and sixth deciles, indicating adequate
agreement between predicted and observed probabilities.

3.3.3 LASSO stability selection

Under stability selection, four variables met the 0.60 selection-frequency threshold,
namely presence of any chronic condition (1.00), gender (0.91), level of education
(0.81), and awareness of antibiotic-dairy interaction (0.76). Age group fell just below
the threshold at 0.56; the remaining eight variables were selected in fewer than 40%
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Fig. 4: Calibration plot of the multivariable LR model.

of subsamples, ranging from 0.39 for time constraints for doctor visits down to 0.11
for residence (Fig. 7; term-level frequencies in Supplementary information).

Table 4: Comparative performance of ML models under 5× 5 repeated nested CV.

Model AUC Accuracy Precision Recall F1 score Brier score

LR 0.692 ± 0.067 0.629 ± 0.074 0.635 ± 0.071 0.796 ± 0.131 0.698 ± 0.061 0.236 ± 0.009
KNN 0.786 ± 0.055 0.706 ± 0.062 0.695 ± 0.051 0.819 ± 0.078 0.751 ± 0.055 0.190 ± 0.022
SVM 0.774 ± 0.064 0.702 ± 0.056 0.715 ± 0.054 0.758 ± 0.075 0.734 ± 0.051 0.196 ± 0.024
DT 0.667 ± 0.071 0.641 ± 0.058 0.660 ± 0.056 0.713 ± 0.086 0.682 ± 0.053 0.250 ± 0.039
RF 0.818 ± 0.052 0.737 ± 0.054 0.741 ± 0.050 0.796 ± 0.077 0.766 ± 0.051 0.176 ± 0.019
GBM 0.757 ± 0.053 0.697 ± 0.056 0.716 ± 0.056 0.736 ± 0.077 0.724 ± 0.054 0.235 ± 0.045
XGBoost 0.753 ± 0.070 0.683 ± 0.059 0.703 ± 0.051 0.722 ± 0.085 0.710 ± 0.059 0.222 ± 0.042
Voting 0.797 ± 0.054 0.732 ± 0.047 0.739 ± 0.044 0.785 ± 0.068 0.760 ± 0.046 0.184 ± 0.023
Stacking 0.805 ± 0.051 0.726 ± 0.057 0.732 ± 0.052 0.785 ± 0.074 0.756 ± 0.054 0.183 ± 0.021

Note: Values are reported as mean ± SD across folds; bold values indicate the best mean value for
each metric (lowest for Brier score, highest for others).

3.3.4 ML model performance and SHAP importance

Seven ML classifiers (LR, KNN, SVM, DT, RF, GBM, and XGBoost) and two
ensembles (soft voting and stacking) were tuned and evaluated under the nested CV
scheme; their performance on six classification metrics is shown in Table 4, and the
candidate and selected hyperparameters in Table 1. RF achieved the highest mean
AUC across the 25 outer folds (0.818 ± 0.052), followed by the stacking ensemble
(0.805±0.051) and the soft-voting ensemble (0.797±0.054), with KNN (0.786±0.055),
SVM (0.774±0.064), GBM (0.757±0.053), XGBoost (0.753±0.070), LR (0.692±0.067),
and DT (0.667±0.071). RF also showed the highest accuracy (0.737), precision (0.741),
and F1 score (0.766), and the lowest Brier score (0.176); its recall (0.796) was second
to that of KNN (0.819). The Friedman test indicated significant differences among
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the nine candidates (χ2 = 154.29, p < 0.001), and raw and Holm-corrected pairwise
Wilcoxon signed-rank tests indicated that RF outperformed every other candidate (all
adjusted p < 0.01; Table 5; all 36 pairwise comparisons in Supplementary information).
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Fig. 5: Comparison of model discrimination under nested CV and held-out test eval-
uation; the vertical line through each CV bar indicates ± SD across the 25 outer folds.

Table 5: Pairwise comparison of model AUC
against the RF using the Holm-corrected
Wilcoxon signed-rank test.

RF vs. Model ∆AUC p (raw) p (Holm)

LR 0.126 < 0.001 < 0.001
KNN 0.032 < 0.001 < 0.001
SVM 0.044 < 0.001 < 0.001
DT 0.151 < 0.001 < 0.001
GBM 0.060 < 0.001 < 0.001
XGBoost 0.064 < 0.001 < 0.001
Voting 0.021 < 0.001 < 0.001
Stacking 0.012 < 0.001 0.003

Note: Friedman χ2 = 154.29, p < 0.001, indicating sig-
nificant differences among models. ∆AUC is the mean
difference in AUC across the 25 outer folds (5 × 5
repeated CV); p (raw) and p (Holm) are raw and
Holm-adjusted Wilcoxon signed-rank test p values.
All comparisons with RF were statistically significant
(p < 0.01).

RF was therefore selected, and all nine candidates, each fitted on the full training
set with its selected hyperparameters (Table 1), were then evaluated once on the 106
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respondents in the 25% test set. As shown in Fig. 5, and Table 6, RF achieved the
highest AUC (0.827), with the remaining candidates ranging from 0.652 to 0.818, and
the lowest Brier score (0.169); its accuracy (0.745), precision (0.788), recall (0.719),
and F1 score (0.752) were below the best values, mainly obtained by SVM (0.764,
0.808, 0.737, and 0.771, respectively). However, DeLong’s test showed no significant
difference in test AUC between RF and the stacking ensemble (p = 0.392), and only a
borderline difference, significant at the 10% level, in favor of RF over the soft-voting
ensemble (p = 0.058), indicating broadly comparable discrimination on the test set;
RF was therefore retained based on its CV performance. LR classifier ranked second
from last (AUC 0.692 in CV and 0.673 on the test set), below the apparent AUC of
the multivariable LR (0.773), as expected for out-of-sample estimates.

Table 6: Performance of ML models on the held-out test set.

Model AUC Accuracy Precision Recall F1 score Brier score

LR 0.673 0.670 0.690 0.702 0.696 0.231
KNN 0.779 0.689 0.700 0.737 0.718 0.184
SVM 0.791 0.764 0.808 0.737 0.771 0.184
DT 0.652 0.689 0.722 0.684 0.703 0.258
RF 0.827 0.745 0.788 0.719 0.752 0.169
GBM 0.779 0.708 0.771 0.649 0.705 0.207
XGBoost 0.795 0.745 0.800 0.702 0.748 0.201
Voting 0.799 0.745 0.778 0.737 0.757 0.182
Stacking 0.818 0.745 0.800 0.702 0.748 0.174

Note: Bold values indicate the best value for each metric (lowest for Brier
score, highest for others).

SHAP values were then computed from the selected RF model on the same test set.
Fig. 6a shows the twenty most influential individual levels (values for all 50 levels in
Supplementary information), with each test-set respondent represented as a point and
color indicating whether the level was present (red) or absent (blue). Positive SHAP
values raise the predicted probability of SM and negative values lower it. Presence of at
least one chronic health condition produced the largest positive SHAP values, shifting
predicted probabilities upward, whereas its absence produced correspondingly negative
values; gender showed the same pattern, with male respondents shifted toward higher
and female respondents toward lower predicted probabilities. Among the other levels,
those contributing positively included graduation and above, disagreement that SM
reduces expenditure, good awareness of the antibiotic-dairy interaction, overweight or
obese BMI, service holder occupation, always facing time constraints for a doctor visit,
rural residence, the 28 to 38 age group, and business occupation. Those contributing
negatively included student occupation, higher secondary education, the 18 to 28 age
group, urban residence, and always reading instructions before use. The directions for
chronic health condition, gender, residence, the highest education category, and the
overweight or obese BMI category were consistent with the corresponding AORs from
the multivariable LR.

19



(a)

−0.10 −0.05 0.00 0.05
SHAP value (impact on model output)

Reads instructions before use: Never
Occupation: Business

Age group: 28-38
Perceived cost-saving of SM: Agree

Residence: Rural
Residence: Urban

Time constraint for doctor visit: Always
Occupation: Service holder

Age group: 18-28
Reads instructions before use: Always

BMI category: Overweight/Obese
Awareness of antibiotic-dairy interaction: Good

Perceived cost-saving of SM: Disagree
Level of education: Higher secondary

Occupation: Student
Level of education: Graduation and above

Gender: Female
Gender: Male

Presence of chronic health condition: No
Presence of chronic health condition: Yes

Low

High

Fe
at

ur
e 

va
lu

e

(b)

0 0.05 0.1

Doctor’s advice availability

Monthly family income

BMI category

Time constraint for doctor visit
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Reads instructions before use

Occupation
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Gender

Presence of chronic health condition

0.0105

0.0133

0.0179
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Mean |SHAP value|

Fig. 6: SHAP-based feature importance. (a) SHAP summary (beeswarm) plot of the
top 20 individual feature levels. (b) Mean absolute SHAP value by original variable.

Signed SHAP values were then aggregated across each variable’s dummy columns
and averaged in absolute value to obtain variable-level importance, shown in Fig. 6b
(values in Supplementary information). The presence of any chronic health condition
dominated the ranking (0.104), followed by gender (0.065) and level of education
(0.039); occupation (0.027), reading instructions before use (0.025), and perceived
cost-saving of SM (0.024) completed the six variables ranking above the median. The
remaining seven ranged from 0.023 for age group down to 0.011 for availability of
doctor’s advice.

3.3.5 Agreement across the four methods

Combining the variable-level results of the four methods (agreement score sv in Algo-
rithm 1), five of the thirteen predictors were identified as factors associated with SM
(Fig. 7). Agreement was complete for the presence of chronic health condition, gender,
and level of education, each flagged by all four methods, and partial for occupation
and awareness of antibiotic-dairy interaction, each flagged by two. The remaining
eight were flagged by at most one method, and time constraint for a doctor visit and
monthly family income by none. Individually, the methods flagged between four and
six factors each (six by the chi-square test, six by the LRT, four by LASSO, and six
by SHAP), but only three of these were common to all four methods.

The two partially supported variables were flagged by opposite pairs of methods:
awareness of the antibiotic-dairy interaction was not associated in the bivariate anal-
ysis yet was significant in the multivariable LR and stable under LASSO, whereas
occupation reached significance bivariately and ranked fourth by SHAP, but did not
persist under either LR or LASSO, suggesting that its association may be largely
accounted for by other predictors. Among the singly flagged variables, BMI category
and age group were supported only by the bivariate test, residence and availability of
a doctor’s advice only by the LRT, and reading instructions before use and perceived
cost-saving of SM only by SHAP.
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Feature χ
2 test LRT LASSO SHAP Agreement

Presence of chronic
health condition

<0.001 <0.001 1.000 0.1039

Gender <0.001 0.013 0.910 0.0652

Level of education 0.023 0.073 0.808 0.0385

Awareness of antibiotic-
dairy interaction

0.269 0.045 0.756 0.0201

Occupation 0.043 0.243 0.370 0.0268

Residence 0.601 0.074 0.110 0.0187

Doctor’s advice availability 0.675 0.098 0.188 0.0105

BMI category 0.054 0.160 0.342 0.0179

Age group 0.032 0.513 0.562 0.0232

Perceived cost-saving of SM 0.244 0.720 0.332 0.0244

Reads instruction before use 0.766 0.774 0.216 0.0247

Time constraint for doctor visit 0.413 0.365 0.392 0.0184

Monthly family income 0.801 0.941 0.206 0.0133

p < 0.05 / LASSO ≥ 0.60 / SHAP > median 0.05 ≤ p ≤ 0.10 Not met

Fig. 7: Identification of associated factors with SM across the four methods. Factors
are ranked by number of methods agreement (0–4); the dashed line separates factors
supported by ≥ 2 methods, which were considered associated factors with SM.

3.4 Antibiotic SM and its associated factors

Antibiotics were the fourth most frequently reported drug class among self-medicators
and, given the consequences of non-prescribed use for antimicrobial resistance [11],
were examined separately using multivariable LR. Among the 223 self-medicators
who answered the drug-use items, 87 (39.0%) used at least one antibiotic without a
prescription (Table 3). Ciprofloxacin (45) and azithromycin (30) were reported most
often, followed by doxycycline (19), metronidazole (15), and amoxicillin (9), while 15
respondents reported ”antibiotics” without naming the agent.

Associated factors were examined within this subgroup, adjusting for gender, age
group, level of education, and presence of any chronic condition; the results of which are
shown in Table 7. Two category comparisons were significant at the 5% level. Among
respondents who self-medicated, the odds of using an antibiotic were about three times
as high for those aged 48 to 58 as for those aged 18 to 28 (AOR 3.24, 95% CI 1.13 – 9.32,
p = 0.029). Respondents with primary education had lower odds of using antibiotics
than those with no formal education (AOR 0.19, 95% CI 0.04 – 0.94, p = 0.042). Those
with at least one chronic condition had higher odds, although this was significant only
at the 10% level (AOR 1.91, 95% CI 0.94 – 3.88, p = 0.074). None of the remaining
categories was significant: gender was not associated with antibiotic use (AOR 0.62,
95% CI 0.28 – 1.36, p = 0.231), and the remaining level-of-education (AOR 0.95 to
1.73) and age (AOR 0.61 to 1.57) comparisons did not approach significance.

21



Table 7: Factors associated with antibiotic SM among self-medicated respondents.

Variable AOR (95% CI) p value

Gender: Male (Ref: Female) 0.62 (0.28 – 1.36) 0.231
Age group: 28 – 38 (Ref: 18 – 28) 1.57 (0.73 – 3.39) 0.247
Age group: 38 – 48 (Ref: 18 – 28) 1.49 (0.59 – 3.75) 0.396
Age group: 48 – 58 (Ref: 18 – 28) 3.24 (1.13 – 9.32) 0.029**
Age group: 58 and above (Ref: 18 – 28) 0.61 (0.17 – 2.17) 0.448
Level of education: Primary (Ref: No formal education) 0.19 (0.04 – 0.94) 0.042**
Level of education: Secondary (Ref: No formal education) 0.95 (0.28 – 3.26) 0.939
Level of education: Higher secondary (Ref: No formal education) 1.73 (0.52 – 5.83) 0.374
Level of education: Graduation and above (Ref: No formal education) 1.66 (0.56 – 4.94) 0.365
Presence of chronic health condition: Yes (Ref: No) 1.91 (0.94 – 3.88) 0.074*

Note: n = 223. *p < 0.10; **p < 0.05.

4 Discussion

This section first discusses what the proposed framework revealed and how it compares
with existing approaches, then interprets the associated factors, the prevalence and
patterns, and antibiotic SM. It then presents the implications of these findings and
outlines the limitations.

4.1 Cross-method framework findings

The main finding of the proposed framework is that the set of associated factors
depended on the method used. To our knowledge, no previous study in this setting has
compared four methods in this way. Used alone, each method would have identified a
different set of four to six factors, and only three variables were identified by all four
methods (Fig. 7), so their identification is unlikely to depend on the method used.
This extends a previous observation that different LR variants identified different risk
factors from the same survey data [33], and, given the inconsistent factors reported
across SM studies [2, 3], suggests that the identified factors may depend partly on the
analytical method.

The parallel design was central to this result. Unlike sequential pipelines [28, 31],
in which a variable removed at an early step cannot be assessed by later methods,
each method in this study assessed all 13 variables, so a variable rejected by one
method could still be supported by others. Occupation and awareness of the antibiotic-
dairy interaction, supported by opposite pairs of methods (see 3.3.5), illustrate this: a
study relying on bivariate screening alone would have reported occupation and missed
the antibiotic-dairy interaction; one relying on penalized selection alone would have
done the opposite. The comparison therefore separated three groups of factors: those
supported by all four methods; those whose association depended on adjustment, either
weakening (occupation and age group) or emerging (awareness of the antibiotic-dairy
interaction) after adjustment; and those supported by a single method, such as age
group, which may be less robust. Two of the singly supported variables were ranked
above the median by SHAP only by a small margin and without support from the
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statistical methods, possibly reflecting interactions or non-linear effects that additive
models do not capture, or chance variation in the small test set.

The model comparison is consistent with some non-linear structure in the data:
RF (CV AUC 0.818) discriminated better than the LR classifier (0.692) with the same
predictors, as did the other non-linear classifiers except the single DT (0.753 to 0.786),
and neither ensemble improved on RF (Tables 4 and 5), although ensembles have been
proposed to improve prediction in health datasets [22, 23]. Because RF is itself an
ensemble of DTs, combining it with weaker base models may have added little in this
small tabular dataset. The SHAP directions for the main factors also agreed with the
corresponding AORs, indicating consistency between the ML and regression results.
Reporting both agreement and disagreement between methods therefore helps show
which factors are robust to the choice of method.

4.2 Interpreting the associated factors

The presence of a chronic health condition was the strongest factor by every measure. It
was associated with more than four times the adjusted odds of self-medicating, was the
only variable retained in all LASSO subsamples, and its SHAP importance was about
1.6 times that of gender and 2.7 times that of education (Fig. 6b). The relationship was
graded rather than binary: having one chronic condition nearly doubled the proportion
self-medicating (34.1% to 64.6%), while each further condition added smaller increases
(Fig. 3). Chronic illness has been linked to SM [2], as has current illness [14], but
the number of conditions appears to have been rarely examined in relation to SM.
People who manage a long-term condition may come to know their symptoms and
their medicines, so another visit may seem unnecessary.

Males had about twice the adjusted odds of self-medicating, consistent with an
earlier study where women had about half the odds of men after adjustment [5],
and with a crude difference of 51.2% against 31% reported elsewhere [14], although
another study found no difference between men and women [2]. Rural respondents
had 1.63 times the adjusted odds of urban respondents, although the interval included
unity, suggesting that the association may have been masked in the crude comparison.
Education did not operate as a gradient: only graduation and above was associated
with higher adjusted odds, as also reported in other studies [3, 14]. This may reflect
greater health literacy and greater confidence in reading one’s own symptoms, which
tend to come with more education, though we cannot test that here. Income was
not associated, even though most respondents agreed that SM saves them money.
Overweight and obese respondents self-medicated more than those of normal weight,
but the difference was borderline both before and after adjustment. Time constraint
and availability of a doctor’s advice showed weak or no association, even though lack
of time was the joint second most cited reason for self-medicating.

4.3 Prevalence and patterns compared with previous studies

The prevalence of SM in Pabna Sadar (54.2%) falls within the range reported in
Bangladesh [5, 12–14]. Similar variation is reported among studies from different coun-
tries [4, 6, 16, 19]. Such variation need not reflect differences in behavior alone, because

23



the reference period, sampling frames, and sample sizes differ across studies, so these
figures are better treated as local estimates than as national ones. The sources of and
reasons for SM were also informative. Among past-year self-medicators, more than
half (55.7%) obtained information about SM from local pharmacies. This is similar to
other studies where participants took information from local pharmacies or pharma-
cists [5, 12, 19]. This reliance on local pharmacies may reflect convenience and trust in
pharmacists over formal medical consultations, and it suggests that pharmacies play
an important role in decision-making around SM. The reasons for SM were led by easy
availability of medicines without a prescription, followed by dislike of hospital visits
and time constraints (Fig. 2d), while some studies identified other reasons, includ-
ing prior experience with the illness, perceiving the illness as minor, and previous
familiarity with the medicine [2, 19].

Gastric acidity and cold, fever, or flu were the most common conditions treated by
SM, consistent with other studies reporting fever, cold, headache, and gastric problems
among the most common [4, 6, 14, 19]. Some studies provide only the broad cate-
gories of pharmaceuticals (e.g., analgesics, antibiotics) without specifying the actual
drugs within them; we classified the specific medicines by regulatory status using the
national OTC list [61]. Among OTC medicines, paracetamol was the most used, while
antihistamines were the most used non-OTC class. Not all of this use was for minor
ailments, however. Several medicines, such as the antihistamines reported, guaiphen-
esin, and montelukast, are not listed for sale without a prescription, and hypertension
and diabetes were among the conditions people treated themselves. This may carry a
risk of wrong dosing, adverse reactions, or delayed care.

4.4 Interpreting antibiotic SM

Almost two in five self-medicators reported using an antibiotic, above the 34.5%
reported among self-medicators elsewhere [5]; antibiotic SM is also common globally,
with a pooled prevalence of 43.0% among adults [10]. The two most named agents were
ciprofloxacin and azithromycin, neither of which is listed for sale without a prescrip-
tion. Such use without medical supervision is of particular concern for antimicrobial
resistance [11]. More than a third of respondents rarely or never read the instructions
before taking a medicine, and only a third rated their awareness of the antibiotic-dairy
interaction as good or better, suggesting that medicine use was often poorly informed.
Within the self-medicating group, those aged 48 to 58 had about three times the odds
of using an antibiotic, and people with a chronic condition had higher odds, although
this was significant only at the 10% level. Respondents with primary education had
lower odds than those with no formal education (Table 7), though both estimates rest
on small groups. Antibiotic use showed no significant difference by sex, although male
were more likely to self-medicate overall. Taken together, these findings suggest that
how antibiotics are sold needs closer attention, possibly for people managing long-term
conditions.
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4.5 Scalability and implications

The proposed framework is not specific to SM. It uses variables common in stan-
dard surveys, requires no additional data, and relies on standard methods available
in common statistical and ML software. Its components can be adapted to other set-
tings: another classifier can replace RF as the source of SHAP importance, and the
thresholds can be adjusted to the aims of a study. It may therefore be applicable to
risk-factor assessment in other survey-based studies of health behaviors, including SM,
where ML has rarely been applied.

In practice, pharmacies were the main source of medicine information, and the
main reason for SM was that medicines can be bought without a prescription, even
though several of the medicines reported are not sold OTC. This suggests the phar-
macy counter as a practical point for intervention, and it suggests that what can be
sold without a prescription needs better regulation and closer oversight. Much of this
dispensing is handled by drug sellers whose training in choosing medicines is limited
[62], so enforcement at the point of sale may therefore matter as much as the rules
themselves, and short training for those who dispense, together with a clear list of
what can be sold without a prescription would help. Pharmacies and routine follow-
up care may also reach those most likely to self-medicate, particularly people with a
chronic condition. These findings may be relevant to other low- and middle-income
countries where pharmacies are widely available and prescription rules are weakly
enforced, and interventions there could focus on the characteristics most consistently
associated with SM here: chronic conditions, gender, and education.

4.6 Limitations

This study has some limitations. First, the question asked whether participants had
used any medication without a doctor’s prescription, which may have been interpreted
differently and is open to recall error. Participants may also give inaccurate answers
to sensitive questions, such as those on SM status, economic conditions, and chronic
conditions, and medicines were self-reported without verification. Second, as a cross-
sectional study, the data were collected at one point in time, so causality cannot be
established between associated factors and SM. Third, the 421 participants were from
a single upazila, recruited by convenience sampling, and predominantly male, young,
and educated, so the estimates may not represent the wider population. Fourth, several
categories contained few respondents, so those estimates are imprecise. Finally, the
framework thresholds, the single model used for SHAP, and the data split may have
influenced the classification of some borderline variables, although nested CV and
agreement between methods were used to reduce this dependence. Future work might
use larger, multi-district samples, verify reported medicine use against pharmacy or
medical records, and test the framework on data from other settings and longitudinal
designs to assess generalizability.
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5 Conclusions

This paper presented an interpretable framework that applies statistical and ML meth-
ods in parallel and compares their results at the variable level for identifying factors
associated with SM, using survey data from adults in Pabna Sadar, Bangladesh. The
presence of a chronic health condition was the strongest factor,and together with gen-
der and education, it was supported by all four methods. Other factors were supported
by only some methods, showing that relying on a single method could miss or over-
state them. RF was the strongest classifier in CV, and its advantage over LR suggests
that some effects may not be captured by additive models. The framework requires
no additional data and may be applied to factor identification in other survey-based
studies and in health informatics.

More than half of the respondents had self-medicated in the previous month, mainly
because medicines were available without a prescription, and pharmacies were their
main source of information. Among self-medicators, 39.0% had used antibiotics. In
multivariable LR, those aged 48 to 58 years had about three times the odds of antibiotic
SM compared with those aged 18 to 28 years, and people with a chronic condition had
higher odds, although this was significant only at the 10% level, while antibiotic use
did not differ by sex. Several of the medicines used, including most of the antibiotics
reported, are not listed for sale without a prescription. Because SM can lead to side
effects, delayed diagnosis, and antibiotic resistance over time, stricter rules for the
sale of non-prescribed medicines, short training for those who dispense, and wider
awareness among people of which medicines require a prescription may help reduce
these risks.

List of abbreviations. AOR: adjusted odds ratio; AUC: area under the receiver
operating characteristic curve; CI: confidence interval; COR: crude odds ratio; CV:
cross-validation; GVIF: generalized variance inflation factor; LASSO: least absolute
shrinkage and selection operator; LR: logistic regression; ML: machine learning; OTC:
over the counter; RF: random forest; SHAP: SHapley Additive exPlanations; SM:
self-medication.
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