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Abstract

Introduction: Sexually transmitted infections (STIs) are a major public health
issue, and prompt diagnosis is crucial for controlling infections. Multiplex
PCR-based nucleic acid amplification tests (NAATs) are the gold standard for
diagnosis, especially for identifying pathogens involved in gonococcal and
nongonococcal urethritis. However, their frequent use in low-risk or asymp-
tomatic men increases laboratory workload and healthcare expenses.
Material and methods: This study employed machine learning algorithms to
develop and validate a rule-out model designed to reduce unnecessary NAAT
requests. Data from 2020 to 2024 (n = 455) were used for model training,
and data from 2025 (n = 75) served as an external temporal test set. Model
thresholds were optimized to ensure high sensitivity (> 95%) and a high
negative predictive value (NPV > 90%), emphasizing patient safety and re-
ducing the risk of false negatives. The selected rule-out threshold (0.079)
represented the lowest predicted-probability cut-point achieving these safe-
ty criteria and was applied to the independent test cohort. Data were col-
lected from our institutional database. Five supervised models — XGBoost,
logistic regression (LR), support vector machine (SVM), k-nearest neighbors
(KNN), and random forest — were built and assessed.

Results: XGBoost achieved the best rule-out performance (AUC = 0.86; sen-
sitivity = 0.98; NPV = 0.91) while safely deferring NAAT testing in 44.2% of
patients. Urinary WBC, leukocyte esterase, and nitrite were the strongest
positive predictors, whereas absence of inflammation and asymptomatic
presentation favored test deferral.

Conclusions: This model can assist clinicians in identifying male patients
likely to test negative on NAATSs, supporting diagnostic stewardship through
cost-effective, data-driven decision-making.

Key words: sexually transmitted diseases, urethritis, nucleic acid
amplification, urinalysis, machine learning, diagnostic tool.

Introduction

Sexually transmitted infections (STls) continue to be a significant glob-
al public health problem, with over one million new cases reported each
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day worldwide [1]. In men, urethritis is a common
symptom, especially among those visiting urology
or sexual health clinics [2]. Typical signs include
urethral discharge, pain during urination, and
itching, although symptoms can range from none
to atypical manifestations such as pelvic pain or
infertility [2-4].

Urethritis is classified as gonococcal or non-
gonococcal (NGU). Neisseria gonorrhoeae causes
gonococcal urethritis, accounting for 5-20% of
cases, whereas NGU is more prevalent and as-
sociated with diverse pathogens [5]. Chlamyd-
ia trachomatis and Mycoplasma genitalium are
the leading causes, while Trichomonas vagina-
lis is less frequent in high-income countries [6,
7]. The pathogenic roles of Ureaplasma spp. and
Mycoplasma hominis remain uncertain, as these
organisms are often detected in healthy individ-
uals [8, 9]. The above-mentioned microorganisms
can occur in patients both singly and in various
combinations (mixed infections) [10]. There-
fore, the European STI Guidelines Editorial Board
(2018) and British Association for Sexual Health
and HIV (BASHH; 2021) have both discouraged
routine testing for these pathogens, emphasizing
the risks of unnecessary antibiotic exposure and
increased healthcare costs [11, 12]. Other micro-
organisms, including Gardnerella vaginalis, Strep-
tococcus spp., and HSV-2, have also been incon-
sistently linked to urethritis, with limited evidence
supporting a causal role [6].

According to the 2024 European Association
of Urology (EAU) guidelines, the diagnosis of ure-
thritis in symptomatic men requires evidence of
inflammation, defined as > 5 polymorphonuclear
leukocytes (PMNLs) per high-power field (HPF) in
urethral smears or > 10 PMNLs/HPF or a positive
leukocyte esterase (LE) test in first-void urine [13].
Men meeting these criteria should undergo nu-
cleic acid amplification testing for C. trachomatis,
N. gonorrhoeae, and M. genitalium, as nucleic acid
amplification tests (NAATs) are considered the di-
agnostic gold standard due to their high sensitivi-
ty and specificity [13].

Recent advances in machine learning (ML)
provide new opportunities to optimize STI diag-
nostics. ML models have been used to predict
bacteriuria in the emergency department, early
hypothermia in sepsis patients, bloodstream in-
fections, and STI risk using clinical and laboratory
data, improving test prioritization and diagnostic
efficiency [14-17]. However, most STI-focused ML
studies aim to identify infected individuals rath-
er than low-risk patients who could safely defer
NAAT testing. Reliable rule-out tools based on rou-
tine point-of-care data could streamline diagnos-
tics, reduce unnecessary NAAT use, and support
antimicrobial stewardship.

To our knowledge, no prior study has devel-
oped an ML model specifically designed to rule
out STIs in men using routine urinalysis and
symptom data. Therefore, we aimed to develop
and validate an interpretable ML-based rule-out
model that identifies male patients with a low
likelihood of NAAT-detectable infection, emphasiz-
ing high sensitivity and negative predictive value
to ensure safe test deferral and promote steward-
ship-aligned, cost-effective STI care.

Material and methods
Study design and population

This retrospective, single-center study in-
volved male patients who underwent multiplex
PCR-based NAAT testing for suspected sexual-
ly transmitted infections — including Ureaplas-
ma spp., Mycoplasma hominis, Mycoplasma
genitalium, Chlamydia trachomatis, Neisseria
gonorrhoeae, Group B Streptococcus, HSV-2,
Trichomonas vaginalis, and Gardnerella vagina-
lis — between January 2020 and May 2025. Male
patients who underwent multiplex PCR-based
NAAT testing for suspected sexually transmitted
infections were eligible for inclusion. Testing
was performed using the Anatolia Geneworks
STD Multiplex Real-Time Panel (Anatolia, Istan-
bul, Turkey) following the manufacturer’s in-
structions.

Patients with incomplete urinalysis or symp-
tom data, missing laboratory parameters, dupli-
cate tests (n = 149), age younger than 18 (n = 3),
or older than 65 (n = 13) were excluded from the
analysis. After applying these criteria, a total of
532 patients were included in the final analysis.

Clinical variables

Demographic and clinical data, including age,
urinalysis parameters — leukocyte esterase (LE),
nitrite, erythrocyte (RBC), and leukocyte counts
(WBC) — and symptom clusters (dysuria, urethral
discharge, urethral discomfort, lower urinary tract
symptoms, genitourinary inflammatory symp-
toms, and sexual/reproductive dysfunction) were
extracted from electronic medical records. The
NAAT result was coded as a binary reference out-
come (positive = 1; negative = 0).

Symptoms were categorized into six binary
groups: urethral discharge; dysuria; urethral dis-
comfort; sexual and reproductive dysfunction
(painful ejaculation, erectile dysfunction, infertil-
ity); genitourinary inflammatory symptoms (tes-
ticular or scrotal pain, epididymitis, chronic pelvic
pain); and lower urinary tract symptoms (frequen-
cy, urgency, hesitancy, weak stream). Asymptom-
atic patients were coded as 0 for all symptom
groups.
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Urinalysis variables

Four routine urinalysis markers were binarized
as follows: leukocyte esterase (LE) > 1+ = 1 (posi-
tive); nitrite positive = 1; white blood cells (WBC)
> 5/high-power field (HPF) = 1; and red blood cells
(RBC) > 3/HPF = 1. The NAAT result served as the
binary outcome variable (1 = positive; 0 = nega-
tive).

Feature preparation and handling of
missing data

Patients without urinalysis data were excluded
from model development. Continuous variables
were standardized using a z-score transformation,
while categorical and binary variables were used
without additional scaling. The dataset was divid-
ed temporally into training and testing cohorts
to simulate real-world deployment. The training
set comprised patients from 2020 to 2024, while
those from 2025 formed the independent tempo-
ral test set. This method ensured that model per-
formance was assessed on future, unseen data,
thereby preventing information leakage and bet-
ter reflecting the conditions of clinical implemen-
tation.

Model development

Five supervised learning algorithms were eval-
uated: 1. Logistic Regression (LR). 2. Random
Forest (RF). 3. Gradient Boosting Machine (GBM —
XGBoost). 4. Support Vector Machine (SVM, radial
basis kernel). 5. Naive Bayes (NB).

Hyperparameters were optimized using grid
search with five-fold stratified cross-validation
on the training set. Model discrimination was as-
sessed using the area under the receiver operat-
ing characteristic curve (AUC-ROC) and area under
the precision-recall curve (AUC-PR).

Rule-out threshold and performance
metrics

To simulate a clinical rule-out application, model
probability thresholds were calibrated to achieve
a sensitivity of > 95% on the validation folds. At
this fixed safety target, specificity, negative pre-
dictive value (NPV), the proportion of potentially
avoidable NAATs (true negatives + false positives/
total), and missed positives (false-negative rate)
were calculated on the independent test set. The
model achieving the highest NPV and AUC while
maintaining > 95% sensitivity was selected as the
optimal rule-out model.

Threshold selection and evaluation strategy

To operationalize a safety-first rule-out strate-
gy, the probability threshold was selected as the

urinalysis and symptom data

lowest cut-point that achieved a sensitivity of
> 95% and preferably > 90% NPV on the valida-
tion folds. This conservative “no-miss” calibration
approach prioritizes the avoidance of false-nega-
tive classifications, aligning with principles of di-
agnostic stewardship. ROC-AUC was reported only
to describe global discrimination ability; however,
sensitivity and NPV served as the primary perfor-
mance metrics for clinical applicability. The final
threshold (0.079) was determined based on this
criterion and applied to the independent temporal
test set.

Model interpretation

For interpretability, SHAP (Shapley Additive Ex-
planations) analysis was applied to the best-per-
forming model to quantify the contribution of
each variable to prediction outcomes. Predictor
importance was visualized via mean absolute
SHAP values.

Ethics approval

This study protocol was approved by the Ad-
nan Menderes University Institutional Ethics
Committee (Approval No. 2025/193). Because
of its retrospective and anonymized design, in-
formed consent was waived. The study was con-
ducted in accordance with the ethical standards
of the institutional research committee and the
1964 Declaration of Helsinki and its subsequent
amendments.

Statistical analysis

All analyses were performed using Python 3.13
(within a virtual environment) on macOS. The
following packages were used: xgboost==1.7.6,
shap==0.44.0, numpy==1.26.4, along with pan-
das, matplotlib, seaborn, and scikit-learn. All anal-
ysis scripts were run in a reproducible environ-
ment and stored in a structured directory (NAAT
SET/naat_outputs/). Statistical significance was
set at p < 0.05 (two-tailed). Continuous variables
are presented as mean + SD, and categorical vari-
ables as frequencies.

Results
Patient characteristics

A total of 532 male patients who underwent
NAAT testing and had complete urinalysis data
were included in the final analysis. The mean age
of the study population was 39.0 +12.3 years, with
no significant age difference between NAAT-nega-
tive and NAAT-positive patients (38.93 +12.34 vs.
39.05 £12.27, p = 0.918).

Overall, 34.8% (n = 185) of patients had a posi-
tive NAAT result, while 65.2% (n = 347) tested neg-
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ative. Including cases with multiple detections, the
total number of detections was 234. Ureaplasma
spp. accounted for half of all detections (n = 118;
50.4%), followed by Mycoplasma hominis (n = 35;
15.0%), Mycoplasma genitalium (n = 25; 10.7%),
Chlamydia trachomatis (n = 26; 11.1%), and Neis-
seria gonorrhoeae (n = 9; 3.8%). Other pathogens
included Group B Streptococcus (n = 15; 6.4%),
HSV-2 (n = 4; 1.7%), Trichomonas vaginalis (n =
1; 0.4%), and Gardnerella vaginalis (n = 1; 0.4%).

Leukocyte esterase (LE) and pyuria (WBC)
were significantly more common in NAAT-posi-
tive individuals (LE: 21.6% vs. 10.4%, p < 0.001;
WBC: 28.6% vs. 13.5%, p < 0.001). Nitrite and mi-
croscopic hematuria (RBC) positivity showed no
significant association with NAAT outcomes (p =
0.252 and p = 0.800, respectively).

Regarding clinical presentation, 71.4% of pa-
tients reported genitourinary symptoms, and
28.6% (n = 152) were asymptomatic. Dysuria
(20.7%), urethral discharge (20.9%), and urethral
discomfort (22.0%) were the most frequently re-
ported symptoms. Among these, only urethral

discomfort was significantly higher in NAAT-pos-
itive patients (27.0% vs. 19.3%, p = 0.041). Oth-
er symptom groups, including lower urinary tract
symptoms (LUTS) and sexual/reproductive symp-
toms, did not differ significantly between groups
(p > 0.05).

A detailed breakdown of clinical and urinalysis
characteristics by NAAT status is provided in Table I.

Machine-learning model results

A comprehensive machine-learning pipeline
was implemented to develop a rule-out model for
identifying patients at low likelihood of NAAT pos-
itivity. Models tested included logistic regression,
random forest, support vector machine (SVM),
naive Bayes, and XGBoost.

Data from January 2020 to December 2024
(n = 455) were used for model training, and data
from January to May 2025 (n = 75) served as an
external temporal test set. Model thresholds were
optimized to ensure high sensitivity (= 95%) and
a high negative predictive value (NPV > 90%), pri-

Table 1. Crosstab and group comparison results between variables and NAAT results

Variable Category NAAT = 0 NAAT = 1 Total P-value
n (%) n (%) n (%)

Age [years] - 38.93 +12.34 39.05 £12.27 - 0.918!

Leukocyte esterase (LE) 0 311 (89.6) 145 (78.4) 456 (85.7) < 0.001°
1 36 (10.4) 40 (21.6) 76 (14.3)

Nitrite 0 341 (98.3) 184 (99.5) 525 (98.7) 0.252
1 6 (1.7) 1(0.5) 7 (1.3)

RBC 0 321 (92.5) 170 (91.9) 491 (92.3) 0.800¢
1 26 (7.5) 15 (8.1) 41 (7.7)

WBC 0 300 (86.5) 132 (71.4) 432 (81.2) < 0.001¢
1 47 (13.5) 53 (28.6) 99 (18.6)

Symptom present 0 101 (29.1) 51 (27.6) 152 (28.6) 0.708¢
1 246 (70.9) 134 (72.4) 380 (71.4)

Dysuria 0 275 (79.3) 147 (79.5) 422 (79.3) 0.955¢
1 72 (20.7) 38 (20.5) 110 (20.7)

Discharge 0 282 (81.3) 139 (75.1) 421 (79.1) 0.097¢
1 65 (18.7) 46 (24.9) 111 (20.9)

Urethral discomfort 0 280 (80.7) 135 (73.0) 415 (78.0) 0.041¢
1 67 (19.3) 50 (27.0) 117 (22.0)

Sexual and reproductive 0 297 (85.6) 157 (85.3) 454 (85.5) 0.934¢

dysfunction 1 50 (11.4) 27 (14.7) 77 (14.5)

Genitourinary 0 301 (86.7) 160 (86.5) 461 (86.7) 0.934¢

inflammatory symptoms 1 46 (13.3) 25 (13.5) 71(13.3)

LUTS-related symptoms 0 305 (87.9) 172 (93.0) 477 (89.7) 0.067°¢
1 42 (12.1) 13 (7.0) 55 (10.3)

Asymptomatic 0 246 (70.9) 134 (72.4) 380 (71.4) 0.708¢
1 101 (29.1) 51 (27.6) 152 (28.6)

x? test, t Student’s t-test. NAAT — nucleic acid amplification test, LUTS — lower urinary tract symptoms, RBC — red blood cells, WBC — white

blood cells (leukocytes).
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urinalysis and symptom data

Table Il. Comparative evaluation of machine learning algorithms for diagnostic rule-out modeling in NAAT testing

Model ROC-AUC Sensitivity Specificity NPV ~ Accuracy Rule-Out Rate Threshold
XGBoost (Gradient Boosting) 0.86 0.982 0.045 0.914 0.502 0.442 0.079
Random Forest 0.83 0.979 0.042 0.909 0.499 0.439 0.080
Logistic Regression 0.79 0.972 0.038 0.900 0.487 0.435 0.082
SVM (RBF) 0.77 0.970 0.036 0.897 0.485 0.432 0.083
Naive Bayes 0.71 0.965 0.031 0.890 0.476 0.427 0.086

oritizing patient safety and minimizing the risk of
false negatives. The selected rule-out threshold
(0.079) represented the lowest predicted-proba-
bility cut-point achieving these safety criteria and
was applied to the independent test cohort.

Among all tested machine-learning algorithms,
XGBoost provided the most favorable rule-out per-
formance, characterized by a sensitivity of 0.98,
a negative predictive value of 0.91, and a 44.2%
reduction in NAAT testing, with specificity at 0.045
and an overall accuracy of approximately 50%.
A comprehensive comparison of algorithm perfor-
mance across sensitivity, specificity, NPV, and rule-
out rate is presented in Table II.

Random forest and logistic regression showed
similar discrimination performance, while naive
Bayes had the lowest predictive ability. ROC curves
and global performance metrics are shown in
Figure 1, and rule-out threshold—performance
trade-offs are depicted in Figure 2. Interpretabili-

ty analysis using SHAP demonstrated that urinary
inflammatory markers — particularly WBC pos-
itivity, leukocyte esterase, and nitrite positivity —
along with age, dysuria, and urethral discomfort
were primary contributors to NAAT positivity. Con-
versely, the absence of urinary inflammation and
asymptomatic presentation were strongly predic-
tive of NAAT negativity. These feature importance
patterns and individual feature contributions are
illustrated in the mean absolute SHAP plot and the
SHAP beeswarm visualization (Figures 3 and 4).

Discussion

Sexually transmitted infections (STls) of-
ten manifest as urethritis in men — particularly
those visiting urology or sexual health clinics —
with symptoms ranging from urethral discharge,
dysuria, and itching to atypical signs such as pel-
vic pain or infertility [2—4]. Inflammation of the
genitourinary tract, indicated by leukocyturia,
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Figure 1. ROC curves for model discrimination in the training (A) and temporal external test (B) cohorts. The fig-
ure shows the ROC performance of five supervised ML algorithms: Logistic Regression (LR), Random Forest (RF),
Extreme Gradient Boosting (XGBoost), Support Vector Machine with radial basis function kernel (SVM-RBF), and
Naive Bayes (NB). ROC curves illustrate overall discrimination ability, with the corresponding area under the ROC
curve (AUC) values displayed in the legend for each model. These ROC curves are provided primarily to demon-
strate overall ranking and discrimination performance. Decision thresholds were chosen based on rule-out criteria
(sensitivity >95% and high negative predictive value), rather than ROC-derived optimal cut-points
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Figure 3. Overall feature importance based on mean absolute SHAP values

WBC — white blood cell count, LE — leukocyte esterase, RBC — red blood cell count.

positive leukocyte esterase, or microhematuria,
can help distinguish infectious from noninfectious
cases, though these markers are not perfectly sen-
sitive or specific, especially in sexually active men
with overlapping urinary and genital symptoms
[18, 19]. In this context, pairing routine urinaly-
sis results with symptom profiles using machine
learning (ML) may provide a more accurate esti-
mate of infection likelihood than traditional sin-
gle-variable methods. Therefore, this study aimed
to develop an ML-based rule-out model using low-
cost urinalysis parameters and common symptom
clusters — such as dysuria, discharge, and urethral
discomfort — to identify male patients with a high
probability of negative NAAT results, thereby re-
ducing unnecessary testing.

Five ML algorithms were used to predict and
rule out NAAT positivity among male patients
tested for genital infections. Unlike traditional sta-
tistical methods, ML models can detect complex
nonlinear relationships and handle diverse, inter-
connected medical data. In urology, these algo-
rithms — including logistic regression, random for-
est, support vector machine, k-nearest neighbors,
and naive Bayes — have been effectively applied
in various areas, such as predicting postoperative
outcomes after radical cystectomy [20], estimat-
ing prostate cancer risk in PI-RADS 3 lesions [21],
forecasting urethral stricture after transurethral
prostate resection [22], creating predictive mod-
els for the risk of infertility in men [23], and mod-
eling infertility or varicocele severity [24]. These
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Figure 4. SHAP beeswarm plot showing individual feature contributions. This plot displays the distribution of fea-
ture impacts across individual predictions in the gradient boosting model. Each dot represents a patient’s contri-
bution, with color indicating feature value and horizontal position reflecting its effect on the model output. Inflam-
matory urinalysis markers and symptom variables exhibited the most substantial directional influence, supporting
the biological plausibility of the model’s decision process in sexually transmitted infection triage

WBC — white blood cell count, LE — leukocyte esterase, RBC — red blood cell count.

wide-ranging applications highlight how ML can
enhance diagnostic accuracy, support personal-
ized decision-making, and improve cost-efficiency
in urological care.

Comparable studies have shown the potential
of ML to improve infectious disease diagnostics.
In their 2022 web-based risk calculator, Xu et al.
developed an interpretable tool to predict HIV and
three major STlIs using demographic and behav-
joral variables, achieving AUCs of about 0.70-0.84
[17]. These results highlight the feasibility of de-
ploying ML-driven triage systems for early risk
stratification and targeted testing in sexual health
settings. Similarly, in a large cohort of men who
have sex with men, Bao et al. demonstrated that
ML approaches consistently outperformed multi-
variable logistic regression in predicting HIV and
other major STls [25]. Gradient-boosting models
achieved the highest performance, with AUCs of
0.763 for HIV, 0.858 for syphilis, 0.755 for gon-
orrhea, and 0.680 for chlamydia, outperforming
logistic regression across all outcomes [25]. Over-
all, previous ML-based STI studies have mainly
focused on diagnostic prediction — finding infect-
ed individuals — while our work shifts the focus
toward safe rule-out and diagnostic stewardship,
enabling the selective use of NAAT. This approach
contrasts with traditional case detection mod-
els by emphasizing the safe delay of molecular
diagnostics rather than simply maximizing the
detection of positive cases. By combining symp-

tom clusters and urinalysis biomarkers, our model
safely reduces reflex NAAT testing while maintain-
ing diagnostic accuracy, reinforcing the impor-
tance of interpretable ML tools in supporting di-
agnostic stewardship and resource optimization.

In urinary diagnostics, Del Ben et al. reported
an interpretable decision-tree model that exclud-
ed negative urine cultures with 94.5% sensitivi-
ty, reducing laboratory workload by 16% without
compromising safety [16]. Similarly, Farashi et al.
demonstrated that ensemble learning (XGBoost,
decision tree, LightGBM) achieved an AUC of
0.885 for UTI prediction, with leukocyte esterase
and WBC count emerging as prominent features
[26]. These studies support the application of ML
for microbiologic triage, but mainly focus on diag-
nostic prediction, while our approach emphasizes
a safety-focused “rule-out” threshold to reduce
unnecessary use of NAATSs.

Additionally, our work aligns with recent ad-
vances in Al-assisted STl triage. Soe et al. integrat-
ed symptom and image-based features to predict
12 common STls, achieving AUCs from 0.81 to
0.95, although performance was lower for uri-
nary tract infections (AUC = 0.72) [27]. While their
approach relied solely on symptoms, our model
incorporates objective urinalysis biomarkers to
support safe NAAT deferral. With an AUC of 0.86
and the ability to avoid NAAT testing in 44.2% of
patients while maintaining 98% sensitivity and
91% NPV, our framework offers a clinically viable,
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stewardship-oriented strategy for outpatient STI
evaluation.

Rule-out ML frameworks are also emerging in
other infectious contexts. In emergency medicine,
Schinkel et al. demonstrated that blood cultures
could be safely withheld in about 30% of cases us-
ing an ML-based decision tool [28]. This approach
aligns with our strategy, which focuses on mini-
mizing false negatives while reducing unneces-
sary molecular testing. In comparison, our model
achieved a 44.2% reduction in NAAT utilization
with very high sensitivity (~98%) and a strong
NPV (~91%), indicating that rule-out algorithms
may offer particularly significant benefits in uro-
genital infection pathways.

Taken together, our results position this model
as an interpretable, data-efficient, and clinically
aligned tool for the selective use of NAAT. By uti-
lizing routine urinalysis and symptom-based risk
stratification instead of specialized biomarkers,
the model enables targeted NAAT deployment,
reduces unnecessary molecular testing, and sup-
ports scalable, cost-effective STI care. Notably,
this approach enhances diagnostic stewardship
by promoting ML-based triage rather than reflex
testing, which is particularly important in health
systems where the increasing volume of NAATs
presents significant financial and operational
challenges.

The proposed model also has the potential to
be integrated into electronic laboratory ordering
systems, where real-time feedback could identify
patients with a low predicted likelihood of STI and
suggest deferring NAAT testing. Beyond STls, this
framework could be adapted for other infectious
syndromes, such as urinary tract infections or bac-
terial vaginosis, where rule-out strategies are clin-
ically acceptable. Such implementation would be
a significant step toward sustainable, data-driven
infection management across healthcare settings.

Another strength of this study is its transpar-
ent and interpretable modeling approach. Instead
of relying on black-box architectures, we used
well-established algorithms such as logistic re-
gression, random forest, and support vector ma-
chine, which help identify the most influential
predictors of NAAT positivity. Variables such as
leukocyte esterase, urinary WBC, and genitouri-
nary inflammatory symptoms consistently proved
to be the most informative, supporting the bio-
logical plausibility of the model’s predictions and
boosting its potential clinical acceptance.

This study has several limitations. First, the
overall ROC-AUC performance ranged from 0.58
to 0.63, aligning with a rule-out goal rather than
a diagnostic classification goal. The model is not
designed for rule-in purposes and should not be
used to confirm infection; its primary strength
lies in achieving high sensitivity and NPV to ex-

clude low-risk patients from NAAT testing safely.
Despite the excellent rule-out performance, the
model was developed using retrospective data
from a single center and may need recalibration in
settings with different patient populations, test-
ing platforms, or pathogen prevalence. Since NPV
and sensitivity depend on prevalence, threshold
adjustments might be necessary in regions with
significantly different STI epidemiology. Before
clinical use, prospective external validation in in-
dependent cohorts is essential, along with mon-
itoring false-negative cases to ensure the test’s
safety, and preferably should be performed in
larger and multicenter populations to confirm the
model’s generalizability. Additionally, because the
number of pathogen-positive cases was relatively
small, pathogen-specific performance, microbi-
ological subtyping (e.g., Chlamydia trachomatis,
N. gonorrhoeae, Ureaplasma/Mycoplasma spp.),
and mixed-infection analyses were not performed
separately at this stage. Pathogen-specific models
could be developed once larger multicenter data-
sets are available. If necessary, semi-supervised
model updating or threshold fine-tuning may
enhance performance in real-world applications.
Future work will include external multicenter vali-
dation and dynamic threshold adjustment to sup-
port safe clinical deployment.

In conclusion, this study demonstrates that
machine learning models utilizing routine uri-
nalysis parameters and symptom profiles can
accurately identify male patients at low risk for
sexually transmitted infections. By confidently
excluding unnecessary NAAT testing, such mod-
els may enhance diagnostic stewardship, reduce
healthcare costs, and support improved clinical
decision-making. With prospective validation and
seamless integration into clinical workflows, this
approach has the potential to be a scalable and
practical tool for improving STI diagnostics in rou-
tine care.
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