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ABSTRACT

Managing asymptomatic patients with communicable diseases poses
significant diagnostic and public health challenges. Understanding
factors associated with infection status is essential for risk stratification
and targeted interventions in closed populations. This cross-sectional
study analysed 472 individuals from an Indian army hospital who
underwent RT-PCR testing for COVID-19 during a single time frame.
A logistic regression framework assessed associations between
demographic/clinical factors (sex, age, diabetes, vaccination, obesity,
and asymptomatic status) and COVID-19 positivity. Significant
factors associated with COVID-19 positivity included diabetes (OR =
2.21, 95% Cl: 1.10-4.43, p = 0.025), vaccination (OR = 0.43, 95% ClI:
0.28-0.66, p < 0.001, 57% reduced odds), and asymptomatic status
(OR =0.113, 95% Cl: 0.05-0.25, p < 0.0001, 89% lower odds). Age
showed modest association (OR = 1.17 per year, 95% Cl: 1.05-1.31,
p = 0.004), while sex and obesity were not statistically significant.
The interaction model did not significantly improve fit over the main
effects model (LRT p = 0.412). This cross-sectional analysis identified
diabetes, vaccination, and asymptomatic status as key determinants
of COVID-19 positivity. Findings support targeted diabetic screening,
continued vaccination efforts, and routine testing in closed populations
to identify asymptomatic cases. Although single-centre design limits
generalisability, the logistic regression framework offers a flexible tool
for rapid risk factor assessment during future outbreaks. Multi-site
validation and longitudinal studies are warranted.

KeYWOFdS: COVID-19, Cross-Sectional Study, Logistic Regression,
Risk Factors, Vaccination, Diabetes, Asymptomatic Infection
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Introduction

Communicable diseases remain a major public health
concern, caused by microorganisms transmitted through
direct contact, contaminated food/water, or carriers
like insects. Carrier-borne diseases—such as Zika, Lyme
disease, dengue fever, and notably COVID-19—pose unique
challenges due to asymptomatic transmission by human or
vector carriers. Global factors like antimicrobial resistance,
urbanisation, climate change, and international travel
amplify their spread, necessitating advanced modelling for
control. The emergence of drug-resistant strains of bacteria
and new viral mutations underscores the ongoing challenge
of managing these diseases effectively. Furthermore,
international travel and trade have amplified the potential
for rapid disease spread, making cross-border collaboration
and robust public health measures crucial in the prevention
and control of these infections. Prognostic factors, including
age, immune status, comorbidities (e.g., diabetes),
vaccination, disease severity, and social determinants,
significantly influence outcomes in these diseases. Elderly
individuals, immunocompromised patients, and those with
limited healthcare access face higher risks, while early
diagnosis and treatment improve survival.

Statistical analysis plays a crucial role in identifying
trends and patterns in the incidence and prevalence of
communicable diseases, thereby informing public health
policies and interventions. From the pioneering work
of McKendrick (1926) to the subsequent studies, our
understanding of carrier-borne epidemics has significantly
evolved. Bartlet (1949)?introduced stochastic processes to
analyse population dynamics. Building on this foundation,
Weiss (1965) established carrier-driven epidemic models.
DOWNTON, F. (1967)*, DOWNTON, F. (1967a)° extended
Weiss’s work by investigating epidemic size. Severo (1969)°
delved into probability considerations in epidemic models.
Daniels (1972)” derived an exact relation for carrier-borne
epidemics. Becker (1973)8 broadened models to encompass
diverse population groups. Jerwood (1974)° evaluated
the economic implications of epidemics. Routleff (1982)°
introduced variations to enhance model understanding.
Collectively, these studies underline mathematics’ pivotal
role in comprehending disease spread, aiding decision-
making, and assessing outbreak consequences.

Recent research has extensively employed statistical
modelling techniques to investigate global communicable
disease trends, assess risk factors, and examine disease
outbreaks such as hand, foot, and mouth disease (Wu
et al., 2019).* The COVID-19 pandemic, in particular, has
highlighted the critical importance of understanding disease
spread, awareness, and strategic containment measures
in mitigating transmission (Sarin, 2020).%? In the Indian
context, early incidence of COVID-19 underscored the

need for robust surveillance, timely interventions, and
survival strategies to manage the outbreak effectively
(Rajendran, 2020).® Moreover, situational analysis
and trend assessment of COVID-19 in India have been
instrumental in shaping public health responses and policy
decisions (Sharma, 2020).%

Furthermore, statistical analysis has been instrumental
in elucidating the correlation between socioeconomic
factors and communicable diseases in contexts like South
Korea, and it has also been pivotal in identifying risk factors
associated with COVID-19 (Hotez et al., 2019%%; Kim et
al., 2020).%® Additionally, statistical models have been
adeptly utilised to forecast the distribution of carrier-borne
diseases, evaluate vaccine efficacy, and optimise vaccination
strategies (Liu et al., 2019%; Bartsch et al., 2016)*® The
significance of statistical analysis in comprehending and
managing communicable diseases has been underscored
by the challenges posed by the COVID-19 pandemic (Salje
et al., 2020).%

Recent advances in carrier-borne modelling include
Grover et al.’s comprehensive time-dependent framework
(2021)%, which integrates environmental factors for dengue
forecasting, and Deo et al.’s Bayesian and state-space
SIR models applied to COVID-19 in India (2020-2021).%
Deo et al. (2023)* further advanced this with a Bayesian
time-dependent approach that uses prior knowledge
with observed data, boosting prediction accuracy while
guantifying parameter uncertainty. Building on Grover et
al.’s foundation, our conceptual framework introduces
logistic regression with time-varying covariates such
as vaccination status, asymptomatic presentation, and
comorbidities to dynamically estimate escape probabilities
and transmission risks from carriers to susceptibles. Applied
retrospectively to a cohort of COVID-19 patients from an
Indian army hospital—a uniquely disciplined population
with stringent quarantine compliance-this study isolates
key drivers like diabetes, vaccination, and asymptomatic
cases within a validated time-dependent model. What
prognostic insights emerge from this controlled setting, and
how might they reshape management of silent transmission
across infectious diseases?

Screening protocol

All study participants, including asymptomatic individuals,
underwent universal RT-PCR screening for COVID-19,
following established surveillance models for detecting
infection in human populations by Rao (2020).22 RT-PCR
was employed as the reference diagnostic because it
is the gold standard for detecting current infection in
both symptomatic and asymptomatic cases. Although
RT-PCR may rarely produce false-positive results, RT-
PCR positivity was treated as the reference for COVID-19
status, as our focus was on identifying true asymptomatic
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carriers whose comorbidity and demographic profiles
could inform risk assessment and targeted interventions.
This universal screening approach enabled unbiased
estimation of asymptomatic COVID-19 prevalence and
robust identification of prognostic factors using our logistic
regression framework for cross-sectional data.

Objective of the Study

To identify prognostic and demographic factors associated
with RT-PCR—confirmed COVID-19 infection (positive versus
negative outcome) among asymptomatic and symptomatic
individuals, and to quantify the odds of being RT-PCR
positive based on age, sex, diabetes, vaccination status,
obesity, and symptom status using logistic regression in
a controlled carrier-borne setting (Indian Army hospital),
where all infected individuals were immediately isolated/
quarantined.

Method
Study Design and Population

This was a cross-sectional study conducted at Army
Hospital Gujrat between 10 March 2021 and 7 May 2021.
Atotal of 470 participants were enrolled. Each participant
underwent a single RT-PCR test for COVID-19 at the time
of enrolment. Demographic and clinical data, including
age, sex, diabetes status, vaccination status, obesity, and
presence of asymptomatic infection, were collected.

Conceptual Framework for Binary Outcomes

Let g = P (K =0 | X) denote the probability that individual
tests positive for COVID-19, conditional on a set of
prognostic factors X. The complement 8 =1 - q represents
the probability of testing negative. Consider an initially
susceptible population of size exposed to one carrier
during a defined infectious period. Define as the number
of individuals who escape infection. Conditional on and
assuming independent outcomes across individuals,

so that

K | & ~ Binomial(Gm. 8).

— 0 (1)
This binomial framework (Grover et al., 2021)%°
provides the foundation for linking individual-level
escape probabilities to population-level infection
counts. While the binomial exposure framework was
originally developed for time-dependent carrier-borne
transmission, we adopt it here as a static conceptual model
for a cross-sectional setting. This framework provides
theoretical justification for modelling binary infection
outcomes using logistic regression.

ThioCGmn, 1) = (F)ex(1 — a)ym—Fk,

Logistic Regression for Transmission Probability

Because the infection outcome for each individual is
binary, we adopt a logistic regression model to relate the
probability of infection to prognostic factors. For individual
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(i (i=1,...,m), let

- 2)
1, ifinfected, o B (
Y= i(), if escapes infection, 11~ Pi=11X). 6i=1-g,

where Xi=(Xil, Xi2,..., Xip ) is a -dimensional vector of
prognostic factors for the -th individual. The logistic model
is specified as

qiy P oy 4
log(gf)—ﬁoJFEj:lﬁinj—Xiﬁr @
where X; = (1, Xy, ... X;p) and B = (Bo, B, -, B)". Solving
for q; gives

_ewtp) (5)
L 1+exp(X;B)’ t 1+exp(X;B)’

Thus, the model directly estimates the transmission
probability,with escape probability obtained as its
complement. When P = 1, this reduces exactly to the
single-factor formulation with X; = X; and B = (0. 1).

Likelihood-Based Estimation

Given Xi, each Yi is assumed to follow a Bernoulli
distribution:
Y; | X; ~ Bernoulli(g;))

with probability mass function
P(Y;=y; 1X) = ¢;'(1-q)"™, y; €{0,1}. (6)

Assuming conditional independence, the likelihood for the
observed responses y = (yy, ..., y,n)" i

_ ﬁ Yi (1 L(ﬁ)
Sl (7)

—q)'

Substituting the logistic expressions and simplifying, we
obtain

=T exply;(X; B)} (8)

LB = L 1+ exp(XiB)’

The corresponding log-likelihood is

m

2B) = ) (i) ©)

— log{1 =
+exp(X;B)}].

Maximum likelihood estimates (MLEs) of (3 are obtained
by maximising 1(3).

Score Equations and Interpretation

Let; = X:Pand q; = exp(y;)/{1 + exp(r;)}. The score function (gradient of #) is

DOI: https://doi.org/10.24321/0019.5138.202650



Vajala R et al.
J. Commun. Dis. 2026; 58(3)

3[R

(10)

- ZX?'(J&
i=1
- q)-

Setting this to zero yields the likelihood equations:

m m
Z X'y = Z X' q;-
=1 i1

In component form, these are:

m m
z Yi = z Qi»
i1 i=1

and for each prognostic factor j = 1, ..., p,
:ZXU q;. inj}’i
i=1 i=1

These equations have a natural interpretation: the observed
total infections and observed covariate-weighted infections
are equated to their model-predicted expectations, ensuring
that the fitted model reproduces the first moments of the
data. For these equations, they collapse to the single-factor
score equations. Here, we have p+1 equations which are not
in Bo » B1,---» Bp» soit will be difficult to find the solutions
analytically. Then, to obtain the value of 8, , 1, ..., f3,, the
Newton-Raphson numerical iteration method should be
used.

(11)

(12)

(13)

Interactions

To assess whether the effect of one prognostic factor
depends on another, we include interaction terms. For
factors and, the linear predictor becomes:

i = Po + -y Bj Xij + BirXijXu

The interaction coefficient ,Bjk quantifies the modification
of the effect ofXjacross levels of X, .

Newton Raphson Method

(14)

The steps to estimate parameter f=(fy , fy..-., ) using Newton Raphson iteration

method are:
Step:1 Input the initial estimated value of B=(8y , B1...., B,) as B(0).

Step:2 To obtain estimation values on (r+1)% iteration,
-1
calculate E(’”) = E(f) -1 (E)(r).U (E)?

Step:3 The iteration is continued until B41) =)

91(Bo.f1)
Po -q xz))
31(Bo.f1)
where U (B) =| p = , 1 ll(yl. q (xl)
01(Bo )
28, Yoy m(y[ q(xl) bt

p+ix1l

10)= (Ged) D wreata - at)

with j=0(1)p and [=0(1)p.

pt+lxp+1

Results

In order to prepare the dataset for the computer program,
appropriate coding was done on variables. It’s important
to underline that the dataset stands free of any missing
values, bolstering its integrity and usability. By orchestrating
a meticulous selection of features, employing a binary
encoding strategy, ensuring data completeness, and
employing a variety of visual and tabular presentations, this
study harnesses the dataset’s potential to glean valuable
insights into the COVID-19 cases at Army Hospital, India.

To provide a comprehensive overview of the study, we
employed various presentations. Table | offers a descriptive
breakdown of the dataset, capturing essential statistics.
Table Il delves into the association of variables with
RTPCR results, providing key summary statistics for each
feature. Tables 3 and 4 present the results of the logistic
regression analysis with and without interactions, including
coefficient and associated metrics to evaluate the model’s
performance. Table 5 shows model outcome metrics.” In
the visual domain, Figure |: Feature Influence on RTPCR
Results provides an analysis of the relationships between
dataset features. Figure Il: Evaluation and Performance
Metrics Visualisation showcases performance metrics and
model efficacy.

Table 1 presents a comprehensive overview of the dataset,
elucidating key demographic and health-related features
of the study population. Notably, the gender distribution
is nearly balanced, with 55.53% male and 44.47% female
participants. The age range spans from 19 to 85 years, with
amean of 43.82+14.84 years. A substantial portion, 27.66%,
have diabetes, and approximately half, 51.70%, have been
vaccinated. The majority, 78.94%, are not obese, while
21.06% are classified as obese. Furthermore, 32.13% of
participants are asymptomatic, while the majority, 67.87%,
exhibit symptoms. In terms of RTPCR results, 60.64% tested
positive, while 39.36% tested negative for the virus.

Table 2 presents the association of various variables with
the RTPCR positive result. Notable findings include age,
diabetic status, obesity, and symptomatology showing
significant associations with RTPCR results. Age, in
particular, demonstrates a statistically significant difference
in means between RTPCR-positive and RTPCR-negative
individuals. While positive patients are observed to be
of higher average age as compared to negative ones (p <
0.001). Similarly, diabetes, vaccination status, obesity, and
symptomatology all exhibit significant associations with
RTPCR results, as indicated by their respective p-values.
While the majority of patients with diabetes and obesity
are found to be positive, those who are asymptomatic and
vaccinated are seen to be negative.
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Table 3 presents the outcomes of a logistic regression
analysis, revealing coefficients and associated metrics
for various predictor variables in relation to the outcome
variable. Notably, diabetes and vaccination status
demonstrate statistically significant effects on the outcome,
with diabetes yielding a positive coefficient (0.704) and
a significant odds ratio (2.021), indicating roughly twice
the odds of the outcome for individuals with diabetes.
While vaccination exhibits a negative coefficient (-0.824)
and a significant odds ratio (0.430), signifying significantly
reduced odds of the outcome for vaccinated individuals.
Conversely, being asymptomatic shows a highly significant
negative coefficient (-2.178) and a low odds ratio (0.113),
implying substantially decreased odds of the outcome
for asymptomatic individuals. Other factors such as
sex, age, and obesity do not demonstrate statistically
significant effects on the outcome. These findings shed
light on the critical role of diabetes, vaccination status, and
symptomatology in predicting the outcome, underscoring
their importance in understanding the factors influencing
the studied outcome variable.

The results of the regression analysis in Table 4 indicate
several key findings. The intercept is statistically significant,
suggesting a baseline effect of 0.4605 when all other
variables are zero. The variable for sex is not significant,
implying no substantial effect on the outcome. Similarly,
age is not statistically significant but shows a potential
effect that could be significant with a larger sample size.
Diabetes shows a marginally non-significant positive effect,
hinting at a potential impact. Vaccination and obesity
are not significant, indicating no clear influence on the
outcome. However, being asymptomatic is highly significant
with a strong negative effect, suggesting a substantial
reduction in the outcome. The interaction between diabetes
and vaccination is marginally non-significant, indicating a
possible combined effect. The interaction between diabetes
and obesity is significant, showing a significant increase
in the outcome. The interaction between vaccination
and being asymptomatic is also significant, indicating a
significant reduction in the outcome. Other interaction
terms, such as Diabetes & Asymptomatic, Vaccination &
Obesity, and Obesity & Asymptomatic, are not significant,
suggesting no substantial combined effects. Overall, the
analysis highlights significant effects for Asymptomatic,
Diabetes & Obesity, and Vaccination&Asymptomatic, while
other variables and interactions do not show significant
impacts.

Table 5 provides important model outcome metrics, which
are crucial for assessing the performance of the predictive
model. The accuracy of the model is reported as 0.79,
indicating that it correctly classifies 79% of the cases.
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The sensitivity, measuring the model’s ability to correctly
identify those susceptible to infection, is 88%. Specificity,
assessing the model’s capacity to correctly identify those
safe from infection, is reported as 81%. These metrics
reflect a trade-off in the model’s performance, with higher
sensitivity often associated with lower specificity, and vice
versa. The F-1 score, which balances precision and recall,
is 0.84, suggesting a reasonably effective model. Notably,
the model’s predictions align with a desired probability of
0.61 for susceptibility to infection and 0.39 for safety. An
AUC of 77% on the ROC curve indicates a moderately good
predictive ability for the model, showcasing its performance
in distinguishing between RTPCR positive and negative
reports. The table also includes actual probabilities of
susceptibility to infection (0.606) and safety (0.394) based
on the observed data. These metrics collectively inform
the model’s performance and its ability to differentiate
between infected and non-infected cases in the dataset.

Figure. | provide a compelling insight into the relationship
between individual features and RTPCR results through
sigmoid analysis. In the sigmoid analysis, sex appears to
have no discernible impact on COVID-19 infection. However,
there’s a clear positive correlation between the likelihood
of infection and age, diabetes, and obesity, indicating a
direct relationship. Conversely, vaccination and being
asymptomatic showcase an inverse relationship with the
chances of infection, suggesting a potential protective
effect against COVID-19.

In Figure Il, the calibration plot shows an initial and final
alignment with the diagonal, indicating good calibration
at the probability extremes. However, non-linearity in the
middle suggests varying predictive accuracy within that
range, signalling potential areas for focused improvement
in the model’s reliability. The confusion matrix heatmap
provides a detailed understanding of classification results.
The ROC curve, boasting an area under the curve of
77%, showcases a moderately good predictive ability to
discriminate between COVID-19 -positive and negative
cases. Its positioning closer to the upper-left corner
indicates a performance significantly better than random
chance. The precision-recall curve illustrates a strong
balance between sensitivity (88%) in correctly identifying
COVID-19-positive cases and specificity (81%) in accurately
recognising negatives. This demonstrates the model’s
robustness in capturing actual positives while maintaining
accuracy in classifying negative cases. An F1 score of 84%
reflects a strong overall balance between precision and
recall, indicating the model’s effectiveness in correctly
identifying both COVID-19 positive cases and negatives
while minimising false classifications. Finally, the residual
plot unveils the distribution of model prediction errors.
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Table |.Dataset description 0.880
Obesity | 0.563 | 0.355 | 0.112 | 1.757 -
Sr- Feature Frequency (%) 3.550
No Asymp 0.070
1 Sex (F/M) 209/261 tomatic -2.178 | 0.239 | <0.0001 | 0.113 | 0.179
* + _
2 Age. (vears) 43.82114.84 (19 - 85) Table 4.Logistic Regression Analysis: Coefficients and
3 Diabetes 130 (27.66%) Metrics for Full Model with Interactions
4 Vaccination 243 (51.70%) .
d - | odds | <o
5 Obesity 99 (21.06%) Coef. | Std | pvak S | dence
- err ue Ratio
6 Asymptomatic 151 (32.13%) Interval
4 1.584 1.10-
7 RTPCR Result 285 (60.64%) Intercept 0.460 0184 | 0013 58 0
* Expressed as mean * s.d. (min -max) 504 872 2.28
.. . . 0.173 1.189 0.75 -
Table 2.Association of variables with RTPCR Result Sex 370 0.236 | 0.463 306 1.89
Sr. RTPCR RTPCR X2-
Feature . . p_va'ue 0.204 1.226 0.95 -
No. (Positive) | (Negative) | value Age 092 0.130 | 0.117 412 158
Sex
1 157/128 104/81 0.058 | 0.081 . 0.524 1.690 0.94 -
(M/F) Diabetes 752 0.299 | 0.079 040 3.04
5 Age . 45.96% | 4053t |, oo 0001 Vaccina | 0104 | | o | 0.900 | 0.66-
(years) 14.64 14.57 tion 972 . . 350 1.23
Diabetes
3 103/183 27/158 65.78 | <0.001 . -0.118 0.888 0.49 -
(Y/N) Obesity 274 0.302 | 0.694 009 161
Vaccina
_ Asymp | -0.769 0.463 | 0.35-
4 tion 128/157 99/86 3.324 | 0.069 tomatic 510 0.148 | 0.000 240 0.62
(/) Diabetes&
Obesity . -0.523 0.592 0.34 -
5 (Y/N) 76/209 23/162 | 13.67 | <0.001 Vat-ic(:lnna 820 0.288 | 0.068 254 1.04
Asymp .
. 112. Diabetes& | 0.598 1.818 | 1.06-
6 t(z\r;;;t;c 39/246 | 112/73 | "7 | <0.001 obesity | o011 | %274 0029 | 499 | 311
* Expressed as meantsd and t-statistic is calculated DIZE;::& 0.097 0.161 | 0.545 1.102 0.80 -
Table 3.Logistic Regression Analysis: Coefficients and tomatic 357 253 151
Metrics for Full Model without Interactions Vaccina
- ton& 0.002 0289 | 0993 1.002 0.57 -
std odds | €onfid . 413 | : 416 1.77
- Coef. p-value . ence Obesity
err Ratio -
Interval Vaccina
tion
Intercept | 0.754 | 0.402 | 0.060 | 2.126 04923 1 & -0.538 | 43| oo1p | 0283 | 038-
- Asymp 193 ’ ) 802 0.89
Sex 0.771 )
(Male) 0.193 | 0.232 | 0.404 | 1.213 | 1.917 tomatic
0.994 Table 5.Model Outcome Metrics
Age 0.011 | 0.127 | 0.197 | 1.011 1028
- Performance | Estimated . o
1.099 measure Desired Estim-| Std. | 95%
Diabetes | 0.704 | 0.314 | 0.025 | 2.021 : .
- 3.780 value Probability ates | Error | Cl
. 0.267 Transmission 0.583
V""ﬁc(‘;'nna -0.824| 0.241 | <0.0001 | 0.430 | - AC;“;;‘CV Prob.of | 0.610 863% -
0.687 ) Susceptible 0.630
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Sensitivity Escape Prob. 0.390 0.000 0'3_70
0.88 of Susceptible 016 0.417
Specificity
0.81 The actual Transmission Prob. of
F-1 Score Susceptible is 0.606 and Escape Prob.
0.84 of Susceptible is 0.394 with 285
- infected and 185 not infected out of
AUC 470 patients.
0.77

Figure |.Feature Influence on RT-PCR Results:

Sigmoid Analysis

Figure 2.Evaluation and Performance Metrics of
model

Discussion
This cross-sectional study of 472 individuals from an Indian
army hospital identified key demographic and clinical

factors associated with COVID-19 positivity at the time of
RT-PCR testing. Our findings confirm diabetes (OR=2.21,
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95% Cl 1.09-3.74, p=0.025), vaccination (OR=0.43, 95% ClI
0.27-0.69, p<0.001), and asymptomatic status (OR=0.113,
95% C10.070-0.180, p<0.0001) as primary determinants of
infection status. These findings validate against established
literature: diabetes doubles infection risk consistent with
meta-analyses and WebMD clinical reviews; vaccination’s
57% protection aligns with Peng Gao et al.’s systematic
review?*; asymptomatic protection (89% lower odds)
matches Huang Chen’s early clinical profiles.® Male and
age trends support Klein, J., et al. (2020)* and Yauhen
Statsenko et al.?’, though our military cohort’s narrower
age range muted statistical significance compared to their
diverse populations. Obesity’s non-significance reflects
the fitness-focused army demographic, contrasting
higher civilian risks. Significant interactions further enrich
interpretation: diabetes-obesity synergy (p=0.029, OR=1.82)
compounds risk beyond individual effects. The vaccination-
asymptomatic interaction (p=0.012, OR=0.58) demonstrates
enhanced protection, extending previous cross-sectional
analyses of COVID-19 risk factors?®2° and aligning with
vaccine effectiveness studies on breakthrough infections
by Devi et al. (2025).%°

Unlike dynamic transmission models, our cross-sectional
logistic regression framework quantifies associations
between prognostic factors and infection status at a
single time point. This approach—validated in a disciplined
quarantine setting—isolates true carrier effects often
obscured in civilian data, confirming asymptomatic status
as a key hidden transmission driver in closed populations.
Clinically, these validated insights demand targeted
screening for diabetics (2x risk) and obese individuals
despite military fitness standards, vaccination prioritisation
for asymptomatic to break silent chains, and universal
testing in closed populations given 89% lower symptomatic
detection.

Although the COVID-19 pandemic has transitioned to an
endemic phase (WHO, 2023), understanding risk factors
associated with SARS-CoV-2 infection remains clinically and
epidemiologically important. Our cross-sectional analysis
of 472 individuals identified key factors associated with
RT-PCR positivity effectively.

The continued relevance of this study lies in several aspects:

e Vaccination Strategies: With waning immunity and
variant evolution, identifying subgroups with lower
vaccine effectiveness (e.g., older adults, those with
comorbidities) informs booster dose recommendations
(Andrews et al., 2024).

e Clinical Risk Stratification: Physicians continue to
encounter COVID-19 cases. Understanding which
factors predispose to infection aids in prioritizing
high-risk patients for antiviral therapy or enhanced
precautions.
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e Public Health Preparedness: The methodological
framework presented here—a cross-sectional logistic
regression model with interaction analysis—provides a
template for rapid risk factor assessment during future
infectious disease outbreaks.

e Health Policy: Our findings on diabetes and obesity
as risk factors reinforce the need for ongoing public
health messaging targeting modifiable risk factors,
even in the endemic phase.

While the study design does not capture temporal
transmission dynamics, the cross-sectional associations
identified here contribute to the evolving evidence base
for precision public health approaches to COVID-19 and
similar respiratory pathogens.

Conclusion

In this cross-sectional analysis of 472 individuals from an
Indian army hospital, we identified diabetes (OR=2.21,p =
0.025), vaccination (57% protection, OR =0.43, p <0.001),
and asymptomatic status (89% lower odds, OR=0.113, p<
0.0001) as significant determinants of COVID-19 positivity
at the time of RT-PCR testing. These findings support
targeted diabetic screening, vaccination prioritisation,
and universal testing in closed populations to mitigate
infection risk. Although the single-centre, cross-sectional
design limits generalisability, the study provides a validated
logistic regression framework adaptable for future risk
factor analyses in emerging infectious diseases. Multi-site
validation and longitudinal follow-up are warranted to
strengthen causal inferences and broaden applicability.
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India. The dataset, comprising 470 records with two
demographic features (sex and age) and five clinical features
(diabetes, obesity, vaccination, asymptomatic and RT-PCR
result), was sourced from patient record books. Stringent
measures were employed to ensure patient confidentiality
and privacy. Access to the dataset was exclusively granted
to authorised personnel, and prior to analysis, all personal
identifiers were meticulously anonymised or pseudonymised
to enhance security.

Adherence to ethical guidelines was paramount throughout
the research process, guaranteeing the safeguarding of
sensitive information. The dataset encompasses the
outcomes of lab Reverse Transcription Polymerase Chain
Reaction (RT-PCR) tests conducted on COVID-19 cases at
Army Hospital, India. Inclusive of demographic and clinical
features, the dataset provides a comprehensive overview,
integrating both patient information and RT-PCR results.
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