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Abstract

Antimicrobial resistance (AMR) is a major global health threat, particularly in resource-limited settings such as Indonesia,
where empirical antibiotic selection is often unguided due to delayed diagnostics. This study developed and evaluated a multi-
label, multi-class machine learning model to predict antibiotic susceptibility using routine clinical and microbiological data. A
retrospective dataset of hospitalized patients in 2024 receiving systemic antibiotics classified under Anatomical Therapeutic
Chemical (ATC) code JO1 in an Indonesian secondary referral hospital was analyzed. Predictors included age, sex, International
Classification of Diseases, Tenth Revision (ICD-10) diagnosis, hospital unit, specimen type, and microorganism. A multi-
output Random Forest model was trained using an 80:20 stratified split and evaluated using accuracy, precision, recall, F1-
score, subset accuracy, and area under the receiver operating characteristic curve (AUC-ROC). Across the evaluated antibiotics,
model performance varied substantially when assessed using macro-averaged metrics and majority-class baselines. Meropenem
showed high overall accuracy (0.94), but its macro-F1 score was low (0.32), and the accuracy lift above the no-information
rate was minimal (0.005), indicating that the predominance of susceptible isolates largely drove accuracy. The summary AUC-
ROC for meropenem was 0.70, whereas the resistant-class one-vs-rest AUC was 0.81. Therefore, model performance was
interpreted primarily using macro-F1, class-wise metrics, AUC-ROC, no-information rate, and accuracy lift rather than accu-
racy alone. Misclassification mainly occurred between susceptible and resistant -lactam classes, while intermediate categories
showed lower AUC due to imbalance. Key predictors included age, microorganism, and diagnosis. The model shows potential
to support empirical prescribing, although prospective validation is needed.

Rezumat

antibiotice pe baza datelor clinice si microbiologice de rutina. A fost analizat un set retrospectiv de date privind pacienti Spita-
lizati in anul 2024, care au primit antibiotice sistemice (ATC JO1) intr-un spital de referintd secundar din Indonezia. Pentru
antibioticele evaluate, performanta modelului a variat considerabil atunci cand a fost analizata prin metrici mediate la nivel de
Macro si prin raportare la valorile de referintd ale clasei majoritare. Meropenemul a inregistrat o acuratete globala ridicata
(0,94), insa scorul macro-F1 a fost scazut (0,32), iar cresterea acuratetei fatd de rata de neinformare a fost minima (0,005), ceea
ce indicd faptul ca predominanta izolatelor sensibile a determinat, in mare masura, acuratetea obtinuta. Valoarea AUC-ROC
pentru meropenem a fost 0,70, in timp ce AUC de tip ,,unu-versus-restul” pentru clasa rezistenta a fost 0,81. Prin urmare,
performanta modelului a fost interpretata in principal pe baza scorului macro-F1, a metricilor pe clase, a AUC-ROC, a ratei de
neinformare si a cresterii acuratetei, si nu exclusiv pe baza acuratetei. Erorile de clasificare au aparut preponderent intre clasele
sensibile si rezistente de B-lactamine, In timp ce categoriile intermediare au prezentat valori AUC mai reduse, ca urmare a
dezechilibrului dintre clase. Modelul si-a demonstrat potentialul de a sprijini prescrierea empirica a antibioticelor, desi este
necesara validarea prospectiva.
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Introduction of modern medicine (1). In 2019, AMR-associated
infections were directly attributed to 1.27 million
deaths worldwide, while the burden in larger low-
and middle-income countries (LMICs) was much

Antimicrobial resistance (AMR) is one of the major
global health threats of the 21st century, which the
World Health Organization (WHO) has described as a
"silent pandemic" that may reverse the achievements
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higher, especially in Southeast Asia (2). In this re-
gard, Indonesia is among the countries with the high-
est rates of antimicrobial use and rising resistance
due to inappropriate prescribing practices, the avail-
ability of antibiotics without a prescription, and un-
derdeveloped laboratory facilities (3). In hospitals,
where AMR-related infections are common, it is vi-
tal to select appropriate empiric therapy (4).
Empirical antibiotic use, however, is often fraught
with errors owing to the inevitable delays in antimi-
crobial susceptibility testing (AST) results (5). There
is a substantial mismatch between the antibiotics
prescribed and the susceptibility profile of the infect-
ing organisms. This leads to failure of treatment,
high morbidity rates, and resistance (6). These limi-
tations become even more pronounced in LMIC hos-
pitals, where rapid diagnosis and timely clinical de-
cision-making tools are limited (7). Therefore, there
is an urgent need for new solutions that enable timely
predictions based on available data to guide empiri-
cal antibiotic use (8). Thus, there is an urgent need
for innovative approaches that can provide timely,
data-driven predictions to guide empiric antibiotic
selection (9). In the setting of an LMIC hospital,
poor laboratory capabilities and AST results that are
either delayed or expensive prevent timely antibiotic
prescriptions. Thus, the need for cheap and scalable
decision-making tools becomes paramount (10-12).
The most recent developments in the field of artifi-
cial intelligence (Al) and machine learning (ML)
provide opportunities to overcome these issues (13).
ML models have been applied to predict AMR by
analyzing different datasets related to clinical and
microbiological settings and have achieved out-
standing performance. Created preliminary ML
models that analyzed pre-laboratory parameters to
accurately predict AST results (AUC-ROC > 0.90)
(14, 15) proved that multi-label models utilizing ma-
trix-assisted laser desorption/ionization time-of-
flight (MALDI-TOF) mass spectrometry could pre-
dict resistance to several antibiotics at once with
high interpretability. Moreover, a study based in the
United Kingdom (UK) (16) and one based in the
United States of America (USA) (17) have used a
gradient-boosting approach and electronic health
records (EHRs) to predict AMR and guide antimi-
crobial stewardship programs.

Though there have been positive strides in this direc-
tion, the vast majority of studies have been con-
ducted in high-income nations and have relied upon
carefully curated research databases or have focused
on single-output classification methods (18). Few stud-
ies have explored multi-output classification ap-
proaches for the simultaneous prediction of antibi-
otic susceptibility in routine clinical practice (19).
Even fewer have tested these methods in real-life sit-
uations such as those encountered in LMIC hospitals
(20). In LMIC hospitals, ML is especially appealing
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as it uses data already available in hospitals and does
not need any extra laboratory investment. Trained
ML algorithms can be integrated into the hospital in-
formation system to provide real-time predictions at
low cost (21). This is especially relevant to a country
like Indonesia, where multiple infections and antibi-
otic use need to be predicted simultaneously due to
the country's diversity (21).

This study aimed to design and assess a multi-label
machine learning classifier to predict systemic anti-
biotic resistance using clinical and microbiological
data collected at a secondary referral hospital in In-
donesia, to improve empirical antibiotic prescribing.

Materials and Methods

Study design and setting

This retrospective observational study utilized anti-
microbial susceptibility and patient-level clinical
data obtained from Cilacap Teaching Hospital, a
400-bed secondary referral hospital in Central Java,
Indonesia. The hospital serves as a regional referral
center for over two million residents. Data were ex-
tracted from the hospital’s electronic medical record
platform, Pilar Data Esensi, which is integrated into
the Hospital Information System (SIM-RS). The
study included all hospitalized patients who received
systemic antibiotics classified under the Anatomical
Therapeutic Chemical (ATC) code J01 during 2024.
The initial dataset was extracted from the hospital
electronic medical record system and subsequently
screened according to the predefined eligibility cri-
teria. Antibiotics with fewer than 30 valid AST re-
sults were excluded from model development to im-
prove the stability of performance estimates. Ethical
considerations regarding the privacy of information
were maintained, and all information was anony-
mized before performing any data analyses. The
modeling process in general is depicted in Figure 1.
Data collection and variables

The dataset comprised structured clinical and micro-
biological records. Predictor variables included pa-
tient sex, age, ICD-10 diagnosis code, hospital unit
(location), specimen type (e.g., blood, sputum,
urine), and identified microorganism. For admis-
sions with multiple cultures, only the earliest eligible
AST per admission was retained for analysis. The
target variables were antimicrobial susceptibility
outcomes reported for a panel of systemic antibiotics
derived from the earliest eligible AST per admis-
sion, with categorical labels indicating Susceptible
(S), Intermediate (1), or Resistant (R). Susceptibility
outcomes were initially exported as numeric codes
for software interoperability (S=0, R =1, 1 = 2).
These numeric codes were used only during data im-
port and were mapped back to the corresponding
clinical string labels (S, I, and R) before model eval-
uation, performance calculation, and visualization.
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Consequently, all reported confusion matrices,
class-wise metrics, and ROC curves are presented
using the clinical labels rather than the underlying
numeric codes. All class-wise metrics, confusion
matrices, and ROC analyses were generated using
the fixed clinical label order S, I, and R to avoid am-
biguity in downstream interpretation. No ordinal as-
sumption was applied to the susceptibility catego-
ries. A binary formulation (S vs. non-S, where non-
S =1 + R) was not implemented in the current anal-
ysis and is reserved for prospective benchmarking.

Data Collection

¢ Extracted clinical and
microbiological data from 2024
inpatient records (Hospital
Information System, RSUD
Cilacap).

Antibiotics with fewer than 30 valid susceptibility
test results were excluded from the analysis to im-
prove the statistical stability of estimates, as studies
have shown that using fewer than 30 isolates leads to
high error rates and unreliable antibiogram results
(22). Only systemic antibiotics (ATC JO1) were re-
tained; antifungals, antivirals, antiparasitic, an-
tituberculosis agents, and topical antibacterials were
excluded.

Data Cleaning &

Selection

* Included systemic antibiotics
(ATC JO1); excluded non-

systemic agents and incomplete
records.

Feature Engineering

* One-hot encoding for categorical
variables; age standardized;
labels constructed for S/I/R
classes.

Problem Formulation

¢ Multi-label, multi-class
classification with susceptibility
outcomes for multiple
antibiotics.

Model Development

* Random Forest
(MultiOutputClassifier); Python
3.11.5; stratified 80:20 train-test
split.

Model Evaluation

* Metrics: accuracy, precision,
recall, F1-score, subset
accuracy, AUC-ROC, confusion
matrices.

Interpretation & Output

¢ Feature importance visualized;
results exported as Excel and
PNG; reproducible in VS Code.

Figure 1.
Workflow of the multi-label machine learning model

Problem formulation and label construction

The predictive modeling task was framed as a multi-
output, multi-class classification problem, in which
a single isolate was simultaneously assigned suscep-
tibility predictions for multiple antibiotics. In the im-
plemented MultiOutputClassifier framework, each
antibiotic was modeled independently without ex-
plicitly learning label dependencies. Each sample
could be associated with multiple antibiotic labels,
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and each label contained three possible outcome
classes. Categorical input features, such as sex, spec-
imen, ICD-10 code, location, and organism, were
one-hot encoded, while the numerical variable (age)
was standardized using z-score normalization. These
preprocessing steps were fitted on the training da-
taset and subsequently applied to the testing dataset
to avoid information leakage. Records with missing
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or invalid values in either predictors or labels were
excluded to ensure the integrity of the training dataset.
Model development

Machine learning models were developed using Py-
thon (v3.11.5) and scikit-learn (v1.2.2). The dataset
was randomly divided into training (80%) and test-
ing (20%) subsets before model development. Be-
cause the prediction task involved multiple output la-
bels, the split was performed without simultaneous
multi-label stratification. To prevent information
leakage, all preprocessing steps, including one-hot
encoding and standardization, were fitted using the
training data and subsequently applied to the testing
data (23). A multi-label classification framework
was implemented using the Multi-Output Classifier
wrapper with Random Forest Classifier as the base
estimator (24). Each antibiotic was modeled as an in-
dependent classification task, with predictions ag-
gregated across all antibiotics for each patient sam-
ple. Random Forest models were configured with
100 decision trees and default parameters unless oth-
erwise specified. Random Forest was chosen be-
cause it can accommodate high-dimensional cate-
gorical variables and provides good model interpret-
ability. The algorithm is not inherently robust to se-
vere class imbalance; model performance was inter-
preted using complementary metrics beyond accuracy.
Model evaluation

Model performance was evaluated independently for
each antibiotic label using complementary metrics,
with macro-averaged F1-score treated as the main
summary measure because the susceptibility classes
were imbalanced. Accuracy was reported only as a
secondary descriptive metric because it may be in-
flated when a single susceptibility category domi-
nates. Macro-averaged precision, macro-averaged
recall, and macro-averaged F1-score were calculated
to provide a more balanced assessment across the
susceptible, intermediate, and resistant classes. (25).
For each antibiotic, we also calculated the no-infor-
mation rate, defined as the proportion of the majority
class in the test set. This value represents the perfor-
mance expected from a classifier that always pre-
dicts the most frequent susceptibility category. Ac-
curacy lift was calculated as the difference between
model accuracy and the no-information rate. To en-
able direct assessment of performance across the sus-
ceptible, intermediate, and resistant categories, the
principal antibiotic-specific performance measures
are presented in Table | and the corresponding fig-
ures in the main text.

Subset accuracy was calculated as the proportion of
samples in which all predicted antibiotic outcomes
were correctly classified. Confusion matrices were
generated to compare observed and predicted sus-
ceptibility classes. ROC curves were constructed us-
ing a one-vs-rest approach only for antibiotics with
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sufficient representation across all three susceptibil-
ity classes (S, I, and R). For each ROC analysis, the
positive class was defined as the target susceptibility
category: AUC-S represented susceptible versus in-
termediate plus resistant (S vs. | + R), AUC-I repre-
sented intermediate versus susceptible plus resistant
(Ivs. S+R), and AUC-R represented resistant versus
susceptible plus intermediate (R vs. S + I). Antibiot-
ics with one or more insufficiently represented or ab-
sent classes were excluded from AUC-ROC analysis
because reliable multiclass AUC estimation was not
possible (27). These curves were visualized and
saved as high-resolution plots to complement the
tabulated metrics (27,28).

Because susceptibility classes were imbalanced, the
macro-averaged F1-score was prioritized as the main
summary metric. Accuracy was retained as a second-
ary descriptive metric because it may be inflated
when one susceptibility class dominates. For each
antibiotic, the majority class was identified as the
most frequent susceptibility category, and the no-in-
formation rate was calculated as the proportion of
this majority class. Accuracy lift was calculated as
the difference between model accuracy and the no-
information rate to estimate the improvement over a
simple majority-class classifier.

Feature importance analysis

To improve the interpretability, the feature im-
portance was measured based on the Gini index val-
ues of the Random Forest classifiers (29). The values
were calculated for each antibiotic classifier and av-
eraged to assess the average feature importance
across all the antibiotics. The contribution of fea-
tures was illustrated through bar graphs and heat
maps, allowing the comparison of feature influence
on the output of the model.

Data visualization

All evaluation outputs, including measures of perfor-
mance, confusion matrices, ROC curves, and feature
importance plots, were saved in standardized for-
mats. Output in tabular form was saved as Excel
spreadsheets, while figures were saved as high-reso-
lution Portable Network Graphics (PNG) files ready
for publishing. Modeling and evaluation took place
using Visual Studio Code in a Python virtual envi-
ronment.

Results and Discussion

The following subsection outlines the results from
the multi-label and multi-class classification model
for predicting antimicrobial susceptibility using clin-
ical and microbiological attributes. The result evalu-
ation involves performance measurement for each of
the antibiotics individually, class-wise classification,
AUC-ROC analysis, and model interpretability
through feature importance.
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This section presents the outcomes of the multi-la-
bel, multi-class classification model for predicting
antimicrobial susceptibility based on clinical and mi-
crobiological features. The evaluation includes indi-
vidual performance metrics per antibiotic, class-
wise classification results, AUC-ROC analyses, and
model interpretability through feature importance.
Model Performance Across Antibiotics

The performance of the multi-output Random Forest
classifier varied across the selected antibiotics, as

shown in Table I. To ensure consistency across the
Abstract, Results, and Discussion, headline interpre-
tation was restricted to antibiotics included in the re-
vised main results table. Among these antibiotics,
macro-F1 ranged from 0.32 to 0.53, indicating a lim-
ited to moderate balance in three-class classification.
No antibiotic in the main table was interpreted as
having high balanced performance based on macro-
F1 alone.

Table |

Performance of antibiotic-specific classifiers relative to the majority-class baseline

Antibi- Sam-  Majority No-information Macro- Macro-preci- Macro-re- Accu- Accuracy AUC-
otic ples class rate F1 sion call racy lift ROC
MEM 681 S 0.935 0.32 0.32 0.33 0.94 0.005 0.70
CAZ 679 R 0.474 0.41 0.42 0.40 0.52 0.046 0.62
AMC 628 R 0.479 0.40 0.40 0.40 0.51 0.031 0.61
CRO 552 R 0.585 0.40 0.39 0.40 0.59 0.005 0.65
CHL 493 S 0.517 0.36 0.35 0.37 0.54 0.023 0.55
CIP 736 S 0.595 0.36 0.35 0.37 0.56 -0.035 -
CTX 612 R 0.688 0.33 0.35 0.34 0.59 -0.098 0.54
LVX 542 S 0.616 0.32 0.31 0.33 0.50 -0.116 0.48
AMP 165 R 0.958 0.49 0.48 0.50 0.97 0.012 -
SAM 666 S 0.634 0.53 0.56 0.51 0.66 0.026 -

Note: The majority class denotes the most frequent susceptibility category for each antibiotic. The no-information rate represents the accuracy
obtained by always predicting the majority class and was used as the baseline for comparison. Accuracy lift was calculated as the difference
between model accuracy and the no-information rate. AUC-ROC was calculated using a one-vs-rest approach only when all three susceptibility
classes (S, I, and R) were sufficiently represented. “— indicates that reliable AUC-ROC estimation was not possible because one or more
susceptibility classes were absent or insufficiently represented. Antibiotic abbreviations: MEM, meropenem; CAZ, ceftazidime; AMC, amox-
icillin-clavulanic acid; CRO, ceftriaxone; CHL, chloramphenicol; CIP, ciprofloxacin; CTX, cefotaxime; LVX, levofloxacin; AMP, ampicillin;
SAM, ampicillin-sulbactam. S, susceptible; |, intermediate; R, resistant; AUC-ROC, area under the receiver operating characteristic curve.

For meropenem, the model achieved high overall ac-
curacy (0.94), but the majority class was susceptible,
with a no-information rate of 0.935. The resulting
accuracy lift was only 0.005, while macro-F1 was
0.32. This indicates that the high accuracy largely re-
flected the predominance of susceptible isolates ra-
ther than balanced discrimination across susceptible,
intermediate, and resistant classes.

Accuracy lift was also limited for several other anti-
biotics, including ceftriaxone (0.005), chloramphen-
icol (0.023), ampicillin (0.012), and sulbactam/am-
picillin (0.026). Negative accuracy lift was observed
for ciprofloxacin, cefotaxime, and levofloxacin, in-
dicating that their model accuracy did not exceed the
majority-class baseline. These findings highlight the
importance of interpreting accuracy in relation to
class distribution.

In Table I, the summary AUC-ROC for meropenem
was 0.70. The value of 0.81 refers specifically to the
resistant-class one-vs-rest AUC shown in Figure 4
and is now described only as a class-specific ROC
result. This distinction was added to avoid conflating
antibiotic-level summary AUC-ROC with class-spe-
cific one-vs-rest AUC values.

Evaluation of class-wise prediction performance

1449

To further assess classification capability, confusion
matrices were generated for selected antibiotics
(Figure 3). The model correctly classified nearly all
susceptible cases of MEM, with minor misclassifi-
cation of intermediate or resistant instances. In con-
trast, the confusion matrices for AMC, CAZ, and
CRO revealed greater dispersion, particularly among
S and R classes, suggesting overlap in feature space
for those categories.

Receiver operating characteristic analysis

Figure 4 presents the multiclass ROC curves for the
same four antibiotics, plotted using the one-vs-rest
strategy for the three susceptibility classes. MEM
showed robust AUC values, particularly for the Re-
sistant class (0.81), while CRO and AMC achieved
moderately strong AUCs for Susceptible and Re-
sistant classes. The intermediate class generally had
lower AUC scores across antibiotics, reflecting class
imbalance and greater difficulty in prediction.
Contribution of clinical features to model predic-
tions

Feature importance analysis based on mean Gini im-
portance values from the random forest models re-
vealed that age and organism type were the most in-
fluential predictors across all antibiotic models.
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These were followed by ICD-10 code and hospital influence. The aggregate contributions are displayed
location, while sex and specimen type had the least in Figure 5.

Model Performance Metrics per Antibiotic
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Figure 2.

AUC-ROC

Heatmap showing accuracy, precision, recall, F1-score, and AUC-ROC for each antibiotic-specific classifier.
Color intensity reflects metric performance. Antibiotic abbreviations: AMC, amoxicillin-clavulanic acid; AMK,
amikacin; AMP, ampicillin; ATM, aztreonam; CAZ, ceftazidime; CHL, chloramphenicol; CIP, ciprofloxacin;
CLI, clindamycin; CRO, ceftriaxone; CTX, cefotaxime; CZO, cefazolin; ERY, erythromycin; FEP, cefepime;
FOX, cefoxitin; IPM, imipenem; LNZ, linezolid; LV X, levofloxacin; MEM, meropenem; MXF, moxifloxacin;
OXA, oxacillin; RIF, rifampicin; SAM, ampicillin-sulbactam; TCY, tetracycline; TZP, piperacillin-tazobactam;
VAN, vancomycin; COL, colistin; MHL, Madurahydroxylactone; NFT, nitrofurantoin; PCG, penicillin G; PIP,
piperacillin; TEC, teicoplanin; TMP, trimethoprim; TXS, trimethoprim-sulfamethoxazole. AUC-ROC, area un-
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Confusion matrices for selected antibiotics. True labels are shown on the y-axis and predicted labels on the x-
axis using the fixed clinical label order S, I, and R, after mapping from numeric codes: (a) meropenem (MEM);
(b) amoxicillin-clavulanic acid (AMC); (c) ceftazidime (CAZ); and (d) ceftriaxone (CRO). S, susceptible; I, in-

termediate; R, resistant
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Figure 4.

False Positive Rate

Receiver operating characteristic (ROC) curves for one-vs-rest classification of the three susceptibility classes
(S, 1,and R). (8) MEM: AUC-S = 0.67, AUC-R = 0.81, AUC-I = 0.62; (b) AMC: AUC-S = 0.65, AUC-R = 0.69,
AUC-1 = 0.48; (c) CAZ: AUC-S = 0.66, AUC-R = 0.66, AUC-I = 0.52; and (d) CRO: AUC-S =0.68, AUC-R =

0.67, AUC-I = 0.60. MEM, meropenem; AMC, amoxicillin-clavulanic acid; CAZ, ceftazidime; CRO, ceftriax-

one; AUC, area under the curve; S, susceptible; I, intermediate; R, resistant.

Mean Contribution of Clinical Features Across All Antibiotics

ORGANISM

ICD-10

Location

Specimen

Sex

0.15 0.20 0.25
Average Feature Importance

0.(")0 0.05 0.10

Figure 5.

0.30 0.35 0.40

Mean contribution of clinical features across all antibiotic-specific models. Values represent average feature im-

portance scores.

1451



FARMACIA, 2026, Vol. 74,5

To the best of our knowledge, this is the first study
to develop and evaluate a multi-output, multi-class
machine learning model capable of simultaneously
predicting susceptibility outcomes (S, R, and 1)
across a broad panel of systemic antibiotics in a re-
ferral hospital in Indonesia. Unlike prior AMR pre-
diction studies, which have predominantly used sin-
gle-label binary models in high-income settings, our
approach simultaneously predicts susceptibility out-
comes for multiple antibiotics while explicitly incor-
porating the Intermediate category. However, the
implemented MultiOutputClassifier models each an-
tibiotic independently and do not explicitly capture
co-resistance relationships.

By incorporating predictors such as age, sex, ICD-
10 diagnosis, isolated organism, specimen type, and
hospital location, the model produced heterogeneous
performance across antibiotic-specific tasks. The re-
vised analysis indicates that high accuracy should
not be interpreted as evidence of strong model per-
formance when class imbalance is substantial. This
was most evident for meropenem, where accuracy
was high (0.94), but macro-F1 was low (0.32), and
the accuracy lift above the no-information rate was
minimal (0.005). Therefore, meropenem was not in-
terpreted as a high-performing classifier based on ac-
curacy alone (30). Antibiotics with limited sample
sizes (e.g., trimethoprim (TMP), nitrofurantoin
(NFT), and colistin (COL)) were not included in the
main performance interpretation because their esti-
mates may be unstable and require validation in
larger datasets (32). Amoxicillin-clavulanate (AMC)
and chloramphenicol (CHL) were less effective,
probably because of the heterogeneity of their pre-
scription practices and numerous intermediate find-
ings blurring the definition of their classes (33, 34).
Drugs in the cephalosporin class, such as ceftriaxone
(CRO) and ceftazidime (CAZ), exhibited intermedi-
ate accuracy, with substantial classification confu-
sion between susceptible and resistant categories,
likely due to extended-spectrum f-lactamase (ESBL)/
AmpC-mediated resistance in the region (35, 36).
This approach demonstrates the feasibility of sup-
porting early antimicrobial susceptibility prediction
before laboratory confirmation. However, prospec-
tive multicenter validation and clinical impact as-
sessment are required before implementation in an-
timicrobial stewardship or routine clinical decision-
making.

The implementation of the entire three-class model
(S/I/R) instead of the reduced two-class model rep-
resents an important step forward from previous
ML-AMR research (30). The use of the "Intermedi-
ate" class in our model allows us to more precisely
reflect the practice of clinical microbiology and pre-
vent the simplification of complex situations of drug
resistance (31). The accuracy of classification for the
Intermediate class across most antibiotics is reduced
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due to the complexity of this group’s differentiation,
which overlaps phenotypically with other categories
(32). This fact indicates that the results in this class
can be caused by biological diversity, differences in
minimum inhibitory concentrations (MICs), or even
clinical practice (33).

Interpretability of the model remains an essential cri-
terion for its use in clinical practice (34). It was
shown during our analysis of feature importance that
age and organism have the greatest predictive power
regarding the patient’s susceptibility, followed by
the ICD-10 diagnosis and hospitalization site. Age is
a known predictor of infection risk, pharmacokinet-
ics, and immune response, whereas the knowledge
of the organism helps to determine the susceptibility
to different antibiotic classes (35). The association
between age and antibiotic resistance differs among
antibiotic classes and bacterial species and can be
manifested by the resistance increasing with age in
some cases or by constant resistance regardless of
the patient’s age (35,36). The reduced importance of
the sex and sample type shows that these criteria
have less discriminatory power, even though the data
is collected systematically in clinical practice (37).
The determination of the pathogen type as one of the
most important factors implies the inclusion of pre-
liminary culture-based information (Gram stain,
rapid ID) into the algorithm of treatment decisions (38).
From the perspective of clinical pharmacy practice,
the application of such algorithms would facilitate a
more accurate selection of an empirical antibiotic,
particularly in circumstances where resistance is un-
known or delayed (39). These patient-specific anti-
microbial susceptibility predictions may provide
complementary information to support empirical an-
tibiotic selection when integrated with microbiolog-
ical findings and clinical judgment (40). Their poten-
tial contribution to antimicrobial stewardship should
be confirmed through prospective implementation
studies (41). An integration with electronic health
records would allow making susceptibility predic-
tions during the encounter, thus reducing broad-
spectrum coverage and preventing further emer-
gence of resistance (42). These algorithms would fa-
cilitate a compromise between the need to have
broad coverage and the precision of antimicrobial
administration, which could improve antibiotic
stewardship by using less broad-spectrum antibiotics
and prevent further emergence of resistance (41).
These findings also have practical implications for
the work of the antimicrobial stewardship program,
regarding identifying patients who might need ear-
lier de-escalation or escalation of therapy based on
the prediction of patient- and pathogen-level factors
(43).

Despite these promising results, several limitations
should be acknowledged. First, the study used retro-
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spective data from a single hospital and did not in-
clude external validation from other centers, which
may limit its generalizability. Second, class imbal-
ance, particularly for the Intermediate and Resistant
categories, likely contributed to the lower balanced
classification performance. No class weighting,
resampling, threshold optimization, or probability
calibration was applied in the present analysis; there-
fore, the model may retain bias toward the majority
susceptibility class. Future studies should evaluate
imbalance-aware learning strategies, including
class-weighted Random Forest, resampling tech-
niques, calibration methods, and threshold optimiza-
tion to improve minority-class prediction. Third, the
models did not incorporate temporal variables, prior
antibiotic exposure, or microbiological MIC values,
key laboratory values (e.g., complete blood count
[CBC], C-reactive protein [CRP], renal function),
comorbidity index (e.g., Charlson Index), or hospital
level of care (Intensive Care Unit vs. general ward).
Where multiple cultures occurred within an admis-
sion, we analyzed the earliest available AST; how-
ever, the dataset was split at the record level rather
than the patient or admission level, and we did not
explicitly verify that individual patients were con-
fined to a single data partition. Consequently, resid-
ual within-patient correlation or potential infor-
mation leakage cannot be completely excluded. Fu-
ture studies should perform patient- or admission-
level splitting to ensure strict independence between
training and testing datasets. Finally, although we re-
port high model performance for selected antibiotics,
results for others with low sample counts (e.g., TMP,
NFT, or COL) should be interpreted cautiously due
to potential overfitting. AUC-ROC analyses were re-
stricted to antibiotics with sufficient representation
across all susceptibility classes. Antibiotics with in-
adequate class representation were excluded because
reliable multiclass AUC-ROC estimation was not
feasible. Methodologically, we evaluated a single al-
gorithm (Random Forest) without head-to-head
benchmarking against alternative classifiers or a bi-
nary formulation (S vs. non-S); the latter is specified
for prospective validation. We also did not assess us-
ability, workflow integration, or clinical impact, so
the real-world effectiveness of this decision support
remains to be demonstrated. Future work should fo-
cus on external and temporal validation across sites,
the incorporation of additional patient-level and mi-
crobiological features, and the evaluation of real-
world clinical impact through prospective imple-
mentation studies.

Class imbalance remains a major limitation of this
study. For several antibiotics, particularly mero-
penem and ampicillin, one susceptibility category
dominated the dataset, which inflated overall accuracy
and reduced the clinical interpretability of accuracy
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as a stand-alone metric. Although we added major-
ity-class baselines and accuracy lift to contextualize
model performance, no resampling, cost-sensitive
learning, or threshold optimization was applied in
the present analysis. In addition, model performance
was evaluated using a single train/test split, and con-
fidence intervals were not estimated. Consequently,
the stability and uncertainty of the reported perfor-
mance metrics could not be fully assessed. The cur-
rent modeling framework does not explicitly learn
dependencies among antibiotic susceptibility labels.
Future studies should evaluate methods such as clas-
sifier chains, label powerset approaches, or shared-
representation models to better capture co-resistance
patterns across antibiotics. Future work should also
incorporate repeated cross-validation or bootstrap
resampling to estimate confidence intervals and pro-
vide more robust performance evaluation.

Conclusions

This study demonstrates the feasibility of developing
a multi-output, multi-class machine learning model
to simultaneously predict antimicrobial susceptibil-
ity outcomes (S/I/R) across a broad panel of sys-
temic antibiotics in a secondary referral hospital in
Indonesia. By leveraging routinely available clinical
and microbiological data, the model demonstrated
the feasibility of predicting antimicrobial suscepti-
bility across multiple systemic antibiotics. However,
given the retrospective single-center design and the
moderately balanced classification performance, ex-
ternal validation and prospective clinical evaluation
are required before routine clinical implementation.
Feature importance analysis underscored the central
role of pathogen identity, patient age, and diagnostic
context in shaping resistance risk.
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