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Abstract

Antibiotic Resistance (AR) is a critical global health chal-
lenge that necessitates the development of cost-effective, ef-
ficient, and accurate diagnostic tools. Given the genetic ba-
sis of AR, techniques such as Polymerase Chain Reaction
(PCR) that target specific resistance genes offer a promising
approach for predictive diagnostics using a limited set of key
genes. This study introduces GenoARM, a novel framework
that integrates reinforcement learning (RL) with transformer-
based models to optimize the selection of PCR gene tests and
improve AR predictions, leveraging observed metadata for
improved accuracy. In our evaluation, we developed several
high-performing baselines and compared them using publicly
available datasets derived from real-world bacterial samples
representing multiple clinically relevant pathogens. The re-
sults show that all evaluated methods achieve strong and reli-
able performance when metadata is not utilized. When meta-
data is introduced and the number of selected genes increases,
GenoARM demonstrates superior performance due to its ca-
pacity to approximate rewards for unseen and sparse combi-
nations. Overall, our framework represents a major advance-
ment in optimizing diagnostic tools for AR in clinical set-
tings.

Datasets — https://www.ncbi.nlm.nih.gov/pathogens/
Code — https://github.com/Eiphodos/GenoPhen

Introduction

Antimicrobial Resistance (AMR) poses an escalating chal-
lenge to global health, estimated to result in more than
10 million yearly deaths by 2050 (Laxminarayan et al.
2013; O’Neill 2014, 2016), the overwhelming majority of
which are attributed to antibiotic resistance (AR). Pathogens
become resistant to antibiotics through mutations in their
genome, either by mutations in pre-existing genes or by ac-
quiring antibiotic-resistance genes from other bacterial cells.
The rate at which pathogens acquire resistance traits signif-
icantly exceeds the pace of new drug development, under-
scoring the urgent need for increased research efforts in this
domain. As a result, there is a strong demand for tools that
assist in prescribing the most effective antibiotics against in-
fections. These tools should be capable of estimating antibi-
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otic resistance with high precision, enabling rapid identifica-
tion of resistant strains and targeted treatment, which could
reduce antibiotic misuse and slow the spread of resistance.

Recent studies (Tharmakulasingam et al. 2022, 2023;
Macesic et al. 2020; Jin et al. 2024; Kuang et al. 2022) have
shown that deep learning models using complete pathogen
genomic information can accurately predict AR. However,
the requirement for full genome sequencing presents signif-
icant obstacles in a clinical context, primarily due to its high
cost, slow processing times, and overall impracticality for
rapid decision-making. An alternative approach involves us-
ing tests based on Polymerase Chain Reaction (PCR) am-
plification, which focuses on analyzing a targeted subset of
known resistance mutations and/or genes. Compared to full
gene sequencing, PCR tests are faster, more cost-effective,
and therefore often more suitable for clinical use.

While PCR tests offer a faster and cheaper alternative to
full gene sequencing, they require the careful selection of a
specific subset of genes for testing. With more than 5,000
genes and mutations linked to AR (Alcock et al. 2023), each
varying in prevalence and diagnostic value, identifying the
most informative subset is a significant challenge; naive ap-
proaches like brute-force testing or selecting the most com-
mon AR genes are costly and often suboptimal.

A method capable of identifying the most informative
subset of genes could transform susceptibility testing by tar-
geting the full resistance phenotype, rather than address-
ing individual resistance types as standard PCR assays do.
This would reduce costs and improve efficiency by eliminat-
ing redundant measurements, such as co-located resistance
genes, and enable laboratories to optimize PCR assays. By
consolidating the detection of all resistance types into a sin-
gle test, this approach simplifies diagnostics while retaining
accuracy and practicality for clinical use.

Motivated by the success of reinforcement learning (RL)
in solving complex optimization problems, this work ex-
plores its application to efficiently identify the most infor-
mative gene subsets for PCR and other gene tests. RL’s
ability to handle high-dimensional state-action spaces while
learning complex relationships between different compo-
nents makes it a good choice for this problem. Predicting
resistance against a wide range of antibiotics from a limited
subset of gene test results is a partial set classification prob-
lem, requiring an approach that can utilize unordered and



missing data. Additionally, AR can vary greatly depending
on metadata data like country and date, thus these factors
need to be accounted for when selecting a subset. Finally,
labels in AR datasets are commonly missing due to non-
standardized testing procedures, and models therefore need
to be able to handle missing labels.

In this study, we address the challenges presented by op-
timizing gene test selection to enhance AR predictions and
our main contributions can be summarized as the following:

* We present a model for AR prediction using a novel rep-
resentation of gene test results.

* We introduce a reinforcement learning-based method for
training a gene test selection policy that makes use of a
trained AR prediction model to evaluate the reward.

* We develop two high-performing baselines and conduct
extensive evaluations to ensure robust comparison across
all methods.

* We improve predictive performance by incorporating
metadata, demonstrating its significant impact on model
accuracy.

These contributions are integrated into a comprehensive
framework named GenoARM that delivers a tailored gene
test selection policy along with a trained antibiotic resis-
tance prediction model. Extensive experimentation on the
large-scale National Center for Biotechnology Information
(NCBI) (Sayers et al. 2022) dataset demonstrates the broad
applicability and effectiveness of GenoARM across various
pathogens.

Related Work
Deep Learning and Antibiotic Resistance

Several recent works (Chakraborty et al. 2022; Kim et al.
2022; Ren et al. 2022), have identified both the potential
and the challenges that exist within the intersection of deep
learning and AR prediction, and significant effort is already
underway in the area.

Many methods (Tharmakulasingam et al. 2022, 2023;
Macesic et al. 2020; Jin et al. 2024; Kuang et al. 2022) uti-
lize full gene sequences as input data. These methods either
utilize dimensionality reduction on the sequences or convert
the sequences to genes through existing algorithms. Gene
sequences are rich in information, but they require whole-
genome sequencing, which is often impractical in clinical
routine.

Some attempts (Her and Wu 2018; Hyun et al. 2020; Kav-
vas et al. 2018) have been made to identify important AR
genes. In (Her and Wu 2018), they use a genetic algorithm to
select the best performing genes. However, to predict multi-
ple resistances, their method requires a large subset of genes,
not achievable by a single PCR test. Others (Hyun et al.
2020; Kavvas et al. 2018) manage to identify new AR genes
along with important existing ones, however, only while uti-
lizing full genome sequences.

Feature Selection Methods

Selecting an optimal subset of genes for testing, based on
the predictive performance of a model, can be framed as
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a black-box optimization problem, where the prediction
model serves as the black box. A wide range (Xue et al.
2016) of methods has been proposed to address such prob-
lems, including evolutionary algorithms, search-based tech-
niques and heuristic approaches. For instance, evolution-
ary algorithms have been explored (Salimans et al. 2017)
as alternatives to reinforcement learning for optimizing pol-
icy parameters. Several black-box optimization techniques
(Pudjihartono et al. 2022) and heuristic methods (Alirezane-
jad et al. 2020) have been used to identify key gene features.
Although adaptable to our problem, exploring these methods
fully is beyond the scope of this study.

Active Feature Acquisition

The challenge of selecting the optimal subset of genes also
falls under the umbrella of active feature acquisition (AFA)
problems. The majority of research (Nam, Fleming, and
Brunskill 2021; Li and Oliva 2021; Fahy and Yang 2019; Yin
et al. 2020; Shim, Hwang, and Yang 2018) in that area con-
siders the problem as a Markov Decision Process (MDP),
where at each state, one can either decide to observe an-
other feature or make a prediction. The INVASE framework
(Yoon, Jordon, and Schaar 2018) observes all features be-
fore selecting the relevant features, which requires all tests
to be performed and eliminates the potential gain of only
selecting a subset. ODIN (Zannone et al. 2019) and many
other methods (Yu et al. 2023; Yin et al. 2020; Li and Oliva
2021; Nam, Fleming, and Brunskill 2021; Shim, Hwang,
and Yang 2018) assume that once an action has been taken,
the new state and the result of that action can be observed
(often for a cost). This additional information improves sub-
sequent choices but is not applicable to our problem since
doctors would not test genes one at a time but instead test
for a set of genes all at once.

Methodology

We propose a dual-architecture framework for optimizing
PCR test selection in antibiotic resistance prediction, de-
noted as GenoARM. The framework contains two main
modules, an AR prediction model that predicts resistance
and a policy network to select the optimal PCR test subset,
see Figure 1 for more details.

Problem Formulation

The problem of finding an optimal gene test subset can be
formulated as follows. Let G = {g1, g2, ..., gn} be the set
of n possible PCR gene tests and denote the result of a test
measuring the presence of gene gi by e;(gx) for subject i,
defined as

(1, k),

ei(gr) = {(O,k:),

The test results for a subset of genes S C G is then given by

ei($) = [J{ei9)}- )

ges

if the kth gene is present,
otherwise.

(D

Let A = {ai,as,...,a14)} be a set of antibiotics and
denote the resistance status of subject i to A as y; =
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Figure 1: An overview of the full GenoARM framework as
used during inference.

(yi(a1),yi(az),...,yi(aja))) where y;(ar) = 0 if the sub-

ject is susceptible, y;(ax) = 1 if the subject is resistant,
and y;(ax) = —1 if the antibiotic has not been tested. Let
M = {my,ma, ..., mp} be aset of unique metadata, and

let 0; € M indicate the metadata observed for subject 7. Our
dataset comes in tuples {e;(G),v;, 0;},, providing infor-
mation on gene presence, antibiotic resistance, and metadata
for each sample.

The objective is to find subsets .S;,, C G of gene tests for
all m € M constrained to a maximum size K, such that the
resistance profile y; can be accurately predicted for all sub-
jects ¢ with o, € M. Let f(e;(S,,),0;) denote a function
that predicts the probability of resistance of the antibiotics
A using the selected subset of gene tests and metadata, and
let t(f(ei(So,),0i),y;) denote the mean predictive perfor-
mance of f across all tested antibiotics in A. The task is
then to maximize the average t across all samples i, while
limiting the subset size to K:

1 N

max -—
S0,CG,|So; <K N 4
i=

t(f(ei(soi)7 0i)7 yl)

1

3

Note that each S,,, m € M can be optimized indepen-
dently. Put simply, we seek a subset of genes, combined with
fixed metadata, that maximizes the average predictive per-
formance of the resistance model across all antibiotics.

AR Prediction Model

The AR prediction model’s task is to determine the resis-
tance profile of a pathogen sample based on a limited set
of results from PCR tests. The results of the PCR test in-
clude information about the specific genes tested and the
prevalence of those genes within the sample. The output, or
resistance profile, is a vector whose elements represent the
probability that the sampled bacterium exhibits resistance to
different antibiotics. An overview of the architecture can be
seen in Figure 2.

Formally, we define the AR prediction model as fg
{0,1}% x NX NIMI 5 [0,1]/41, which maps K gene fea-
tures, where K < |G, their corresponding existence maps
and the observed metadata to | A| Bernoulli probabilities.

28035

blaTEM
parC_s801
blaCMY
blaCTX-M
aac(3)

-

Gene
Embeddings

Existence
Embeddings

USA
2023

Metadata
Embeddings
CLS
Embedding

Concatenate

[ Transformer Encoder I

I

[ Prediction Heads l

v v

Figure 2: Detailed AR prediction model architecture. Gene
test names and metadata is shown un-tokenized but would
be tokenized prior to being embedded.

Loss function: The prediction model is parameterized by ¢
and trained by directly minimizing the mean binary cross
entropy loss over all antibiotics. As antibiotic labels can be
missing from the data set, the loss is ignored in those cases.
Architecture: The architecture of the AR prediction model
contains three main components: First, an embedding mod-
ule that converts the tokenized gene data, existence maps
and observed metadata into a feature vector. Next, a stack
of transformer-encoder layers refines these feature vectors
(Vaswani et al. 2017). Last, A distinct heads, one for each
predicted antibiotic. The heads are two-layer multi-layer
perceptrons (MLP) using ReL.U activations.

The gene tokens and the corresponding existence tokens
are processed by separate embedding layers, producing em-
bedding vectors that are combined via addition to create a
new feature vector. This method reduces the potential state
space from 2 * KI¢! to K¢l 4 2, significantly simplify-
ing policy optimization. The resulting gene existence vec-
tor is then concatenated with the embedded metadata tokens
and a CLS token to form the final feature vector. Positional
embeddings are excluded, as genes form an unordered set,
and their inclusion would hinder learning by increasing in-
put state complexity.

Policy Network

Given a model that predicts the resistance profile of bacteria
based on the outcomes of a subset of gene PCR tests, we
need the ability to determine which PCR tests to perform.
More specifically, we want to know which subset of tests that
gives the best predictive performance for the AR prediction
model. In more formal terms, we want to find a policy 7 that
we can follow to select this subset.

While the subset can be selected in a single step, we for-
mulate the problem of finding the policy 7 as a sequential
problem. Given a set of genes already selected, an optimal
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Figure 3: An overview of the training framework for the policy network.

policy should then select the subsequent gene to test such
that the final subset of genes is optimal once the episode has
ended. This allows us to frame it within the structure of an
episodic Markov Decision Process (MDP) and utilize rein-
forcement learning methods.

In this formulation, we seek a policy 7(a|s) in which the
policy selects an action based on the current state. The state s
contains information on the genes that have already been se-
lected and the action a is defined as selecting a specific gene
to test. Once the K genes have been selected, the episode is
terminated and the genes and their corresponding test results
are given to the AR model. The predictions from the AR
model and the ground truth labels are then used to compute
the reward (r), defined as the negative mean cross-entropy
loss over all antibiotics. Since the reward is always zero ex-
cept at the end of an episode, the return is equal to the reward
at the final step with a discount factor of 1.

The objective of the policy network is to maximize the
expected return. We optimize the policy through proximal
policy optimization (Schulman et al. 2017) and gather data
for the policy by allowing it to act in the environment defined
by fs. An overview of the training framework for the policy
network can be found in Figure 3.

Architecture: The policy network is an actor-critic architec-
ture using actor and critic agents with non-shared weights.
The actor agent learns the policy 7y (a|s) and is parameter-
ized by ¢. The critic agent learns the value function V;,(s)
and is parameterized by w. Both the actor and the critic are
three-layer MLP’s using tanh activations. The state s is con-
structed by a concatenation of a vector s, representing the
currently selected genes and a vector s,, representing the
metadata. The vector s, is created from the sum of currently
selected tokens, embedded with a separate learned embed-
ding layer and an MLP. The use of summation ensures that
different permutations of the same genes are encoded into
an identical state. It reduces the number of possible states

down from Zfil (NNf;), to E;il #_’J), compared to if
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each different permutation of selected genes was defined as a
unique state. The metadata vector S,, is created in a similar
way, as a sum of the embedded tokenized metadata.

Choice of reward: While several metrics such as accuracy
or Pareto front optimization (Yu et al. 2023), can be used as
rewards, these metric-based rewards tend to be non-smooth.
This non-smoothness results in abrupt changes in rewards
from minor adjustments in state or input, which can desta-
bilize the learning process. To address this, we utilize the
unreduced loss from our prediction model as the reward for
selecting a specific set of genes. The unreduced loss serves
as an indicator of predictive performance, and provides a
more stable and informative reward signal that still aligns
with the goal metric.

Weight initialization: While the action space for 7y is large,
many genes are not commonly encountered in pathogens,
making them inefficient to test, as their results are likely neg-
ative in most samples. Our experiments show that finding a
good policy in this space can be challenging. To address this,
we initialize the last linear layer in the actor module such
that the weights are drawn from a normal distribution with
a small variance ~ A(0,10~%), while the biases are set to
the logarithm of the normalized gene prevalence in the train-
ing dataset. This initialization scheme ensures that the initial
action distribution aligns with the prevalence of genes, im-
proving convergence during training without restricting the
action space.

Training Procedure

The two networks are trained sequentially. First, the AR pre-
diction model is trained using a randomly sampled subset
Standom Of gene tests. The size of Sy.ng0n 1S set to be larger
than the maximum cardinality /& but much smaller than the
full set of gene tests |G|. This ensures that the network is
exposed to a wide variety of gene combinations while still
focusing on predicting AR from a small subset of genes.
Once the AR prediction model has been trained, its



weights are frozen, and the model is used as a static envi-
ronment. The policy network then interacts with this envi-
ronment, using its current policy to gather experience. After
sufficient experience has been collected, the policy network
is updated through proximal policy optimization. This itera-
tive process of gathering experience and updating the policy
continues until the policy network has converged.

Results

In this section, we evaluate the effectiveness of our pro-
posed framework in optimizing PCR test selection for AR
prediction. We assess the performance of the reinforcement
learning model and the transformer-based AR prediction
model across several datasets. To demonstrate the general-
izability and robustness of our method it was evaluated on
five clinically relevant pathogens: Klebsiella pneumoniae,
Escherichia coli, Salmonella , Staphylococcus aureus, and
Acinetobacter.

Experimental Setup

The bulk of our experiments are conducted using a subset of
K = 5 genes as the most commonly used PCR tests in clin-
ical practice target up to 5 genes. However, there are various
types of PCR tests and other targeted methods available for
assessing gene prevalence in pathogens. Therefore, we also
perform experiments to demonstrate the impact of different
values of K on performance. For hyperparameter details we
refer to our GitHub repository.

We present results for each species as a weighted sum of
evaluation metrics across all antibiotics to account for im-
balances in resistance rates and missing labels. The accuracy
for each antibiotic is weighted by its number of samples rel-
ative to the total number of samples. The very major error
and major error are weighted by the number of resistant or
susceptible samples relative to the total number of resistant
or susceptible samples, respectively.

Datasets

The datasets used in this study are from the publicly avail-
able National Center for Biotechnology Information (NCBI)
pathogen detection system (Sayers et al. 2022). The splits
used for cross-validation is shared on our GitHub repository.

The predicted antibiotics for each species were selected
based on specific criteria to ensure reliable analysis. Each
antibiotic had to be present in at least one-third of all sam-
ples, and the ratio between susceptibility and resistance
could not exceed 90% in either direction. Based on these
criteria, the resulting number of predicted antibiotics was 15
for K.pneumoniae, 13 for E.coli, 10 for Salmonella, 8 for
S.aureus, and 14 for Acinetobacter. The data has been fil-
tered to exclude samples where resistance labels for more
than 50% of the chosen antibiotics are missing. The re-
sistance rates for different antibiotics varied significantly,
from 10.5% resistance for piperacillin-tazobactam to 46%
for ampicillin in the E.coli dataset. The gene test name
data has been pre-processed to remove unnecessary anno-
tations that describe specific variants, as many resistance
gene classes include sequence variations with the same
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phenotype, adding no relevant information. For example,
“blaCTX-M-124” is shortened to “blaCTX-M”. Not all re-
sistance gene classes have variant-level details, so the pre-
processing improves comparability across different types of
resistance genes. However, we kept information on amino
acid changes in mutated chromosomal genes since they are
known to correlate with the induced phenotype.

The metadata used for each sample is the collection date,
the isolation source and the geographic location. The collec-
tion date contains information regarding both day, month,
and year of collection but only the year was used in this
study as the focus was to track changes in resistance over
longer periods of time. The isolation source, which speci-
fies the origin of the analyzed sample, was pre-processed
into broader categories to ensure consistency. For example,
“blood_whole” and “blood_culture” were grouped under the
general category “blood”. The geographic location metadata
was standardized to reflect the country where each sample
was collected.

The resulting size of each dataset after pre-processing is
6111 for E.coli, 841 for K.pneumoniae, 5961 for Salmonella,
1050 for Acinetobacter, and 607 for S.aureus.

Baselines

Since no existing methods directly address the problem
of optimizing PCR test selection for antibiotic resistance
prediction, we developed several competitive baselines for
comparison. The baselines identify gene test subsets and are
evaluated against our proposed frameworks, GenoARM and
GenoAR (GenoARM without metadata).

RandEvolve is a genetic algorithm designed to optimize
gene subsets using a trained AR prediction model. The al-
gorithm begins by randomly selecting initial candidate gene
subsets based on gene frequencies in the training set. The
performance of these candidates is then evaluated using the
accuracy of the AR prediction model. The best-performing
candidate undergoes mutation, replacing specific genes, and
generating new candidates. These mutated candidates are
evaluated and compared with the previously best candi-
date. The best gene tests are then selected and the process
is repeated over multiple generations. When metadata is
included, RandEvolve finds the best-performing genes for
each unique set of metadata values by evaluating candidates
on the subset of training data that matches the metadata.

OptStat constructs a gene test subset and a prediction
model by iteratively expanding an initially empty subset V.
For each gene test g, € G it forms a new subset S, =
V U {gx} and evaluates the prediction accuracy on train-
ing data based on the gene test results e;(S). The predic-
tions are determined by selecting the most frequent outcome,
resistance or susceptibility, across matching samples in the
training data. The subset S}, that yields the highest weighted
average accuracy across all antibiotics then replaces V. This
process repeats until |V| = K. When metadata is included,
the algorithm generates separate subsets and models for each
unique metadata combination, evaluating them on the corre-
sponding training data.



Gene Test Optimization, 5 Gene Tests

We evaluated the performance of GenoARM and all base-
lines using five-fold cross-validation on the datasets for the
five pathogens, optimizing for a subset of K = 5 gene tests.
The results are summarized in Table 1 and Table 2. We also
present qualitative example gene subsets from the first fold
for E.coli in Table 3.

We observe that all evaluated methods have fairly similar
results when no metadata is used, with OptStat slightly out-
performing the other methods. We also note that four out
of five genes were identical for all three evaluated meth-
ods, with aph(3b)-I selected in OptStat instead of sul2, im-
proving its predictive performance against aminoglycoside
antibiotics. Two of the five selected genes, blaCTX-M and
blaTEM, produce resistance against beta-lactam antibiotics.
This is a reasonable selection as 6 of the 13 predicted an-
tibiotics are beta-lactam based, including the most difficult,
ampicillin, with close to 50% resistant samples.

The results show that metadata improves performance
on all species for models using function approximators to
do AR prediction, such as RandEvolve-M and GenoARM,
while OptStat-M obtained much smaller increases and in
some cases even a decrease in performance. This discrep-
ancy can be attributed to the fact that OptStat-M relies on
statistical information derived from each unique metadata
value. With fewer available samples for each predictor and
gene test policy, the resulting estimates become less reliable,
leading to inconsistent performance.

RandEvolve-M also faces challenges due to its gene test
policy search being restricted to data associated with the cor-
responding metadata. That is, to select the gene tests for a
certain metadata m; it only evaluates performance on data
with o, = m;. However, it still performs well, likely due to
two key factors. First, the neural network used to perform
AR prediction allows RandEvolve-M to generalize predic-
tions effectively, even in scenarios with limited data. Second,
despite the large number of unique metadata combinations,
the data is heavily clustered around a few common combi-
nations. For instance, in the E.coli dataset there are 2550
unique combinations but the 25 most common combinations
account for 90% of the data. The remaining 2525 combina-
tions either have very few or no samples at all. As a result,
relatively high performance can be achieved from just these
common combinations, which helps to explain RandEvolve-
M’s robustness despite the metadata constraints.

GenoARM generally achieves the best performance
across species when metadata is utilized, though the dif-
ference compared to RandEvolve-M is relatively small. The
difference could perhaps be attributed to GenoARM’s abil-
ity to handle data with less frequent metadata more effec-
tively. Unlike methods that rely on predefined gene test poli-
cies, GenoARM’s policy network can evaluate unseen states
rather than defaulting to a fixed set of gene tests, since the
policy relies on a function approximation.

In Table 3 We can observe that the gene test subset found
for metadata {USA, 2020, Urine} differs from the general
subset found by methods not using the metadata. Specifi-
cally, the genes aac(3) and sul2 has been replaced by tet(A)
and tet(B), both of which confer tetracycline resistance. This
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Figure 4: Accuracy on E.coli of all methods for increasing
number of genes. “GenAR - All genes” and “GenARM - All
genes” utilizes all genes in the dataset as inputs.

change might be explained by the significant increase in
tetracycline resistance for urine infections in the USA in
2020, where only ampicillin resistance was higher.

Ablation Study on Size of Gene Test Subset

In Figure 4, we examine how performance is influenced by
the size of the gene test subset K. Each model is trained
and evaluated separately on the first cross-validation fold for
E.coli using different values of K. Separate AR predictions
models have been trained using all AR genes as input. We
note that GenAR and RandEvolve perform similarly, with
and without metadata. Metadata has a significant impact on
performance when K is small, but this effect diminishes as
K increases. With a larger gene test budget, the most infor-
mative genes can be included, reducing the relative impor-
tance of metadata. OptStat’s performance peaks at smaller
gene subsets and declines for larger K due to missing data
for most gene combinations, leading to default predictions.

Finally, we observe that models with an optimized set of
15 genes nearly match the performance of models trained on
all 198 genes. This suggests that the number of truly infor-
mative genes is relatively small, and that an accurate resis-
tance profile can be predicted from a small set of carefully
selected genes.

Ablation Study on the Effect of Metadata

We analyze the impact of each unique type of metadata on
performance by comparing models trained with either a sin-
gle type of metadata, all types of metadata, or no metadata
at all on the first cross-validation fold from E.coli data. The
results, presented in Table 4, show that each type of meta-
data enhanced performance compared to the baseline with
no metadata, with the most significant improvement coming
from the ”Source” metadata. Including all types of metadata
further enhanced performance, leading to higher accuracy
and lower major and very major errors, suggesting that each



E.coli K.pneumoniae Acinetobacter
Method AccT | ME] | VME] || AccT | ME] | VME | || AccT | ME| | VME |
RandEvolve 89.84 | 0.0395 | 0.2803 || 84.85 | 0.2083 | 0.1203 || 89.23 | 0.1379 | 0.0893
OptStat 89.94 | 0.0357 | 0.2873 || 85.27 | 0.2002 | 0.1184 || 89.80 | 0.1316 | 0.0845
GenoAR 89.91 | 0.0389 | 0.2797 || 85.16 | 0.2316 | 0.1181 || 88.84 | 0.1364 | 0.0962
RandEvolve-M || 93.44 | 0.0303 | 0.1670 || 85.70 | 0.2217 | 0.0996 || 90.15 | 0.1423 | 0.0720
OptStat-M 92.48 | 0.0291 | 0.2078 || 82.59 | 0.2560 | 0.1292 || 87.25 | 0.1950 | 0.0864
GenoARM 93.77 | 0.0260 | 0.1641 | 86.80 | 0.2076 | 0.0906 || 90.69 | 0.1368 | 0.0665

Table 1: Antibiotic resistance prediction performance, averaged across all folds, for all methods on E.coli, K.pneumoniae, and
Acinetobacter using a subset of 5 gene tests. GenoAR is GenoARM without metadata.

Salmonella S.aureus Average
Method Acct | ME|l | VME| || AccT | MEJ] | VME] || Acct | ME| | VME |
RandEvolve 92.67 | 0.0448 | 0.1335 | 91.54 | 0.0340 | 0.2205 || 89.62 | 0.0923 | 0.1688
OptStat 92.63 | 0.0461 | 0.1313 || 91.88 | 0.0327 | 0.2117 || 89.90 | 0.0892 | 0.1667
GenoAR 92.48 | 0.0449 | 0.1387 || 91.78 | 0.0352 | 0.2076 || 89.44 | 0.0974 | 0.1681
RandEvolve-M || 94.54 | 0.0341 | 0.0976 || 91.21 | 0.0474 | 0.1970 || 91.01 | 0.0952 | 0.1267
OptStat-M 93.23 | 0.0312 | 0.1444 | 92.19 | 0.0379 | 0.1856 || 89.55 | 0.1098 | 0.1507
GenoARM 94.50 | 0.0375 | 0.0917 || 91.07 | 0.0578 | 0.1431 | 91.36 | 0.0934 | 0.1112

Table 2: Antibiotic resistance prediction performance, averaged across all folds, for all methods on Salmonella, S.aureus, and
the average over all five evaluated pathogens and all folds using a subset of 5 gene tests. GenoAR is GenoARM without

metadata.
Method Metadata Genes
RandEvolve - { aac(3), blaCTX-M, blaTEM, parC_S80I, sul2 }
OptStat - { aac(3), blaCTX-M, blaTEM, parC_S80IL, aph(3b)-I }
GenoAR - { aac(3), blaCTX-M, blaTEM, parC_S80L, sul2 }
RandEvolve-M | {USA, 2020, Urine} {blaCTX-M, blaTEM, parC_S80L, tet(A), tet(B) }
OptStat-M {USA, 2020, Urine} {blaCTX-M, blaTEM, parC_S80L, tet(A), tet(B) }
GenoARM {USA, 2020, Urine} {blaCTX-M, blaTEM, parC_S80L, tet(A), tet(B) }
Table 3: Example gene test subsets found by all methods on E.coli data.
E.coli alizability. Including more diverse datasets would improve
Method Acct | ME| | VME | global applicability.
GenoAR 89.57 | 0.0420 | 0.2756
GenoARM (Year) 91.94 | 0.0338 | 0.2091 .
GenoARM (Country) | 91.25 | 0.0305 | 0.2438 Conclusion
GenoARM (Source) | 92.33 | 0.0309 | 0.2024 In this study, we developed a novel framework that com-
GenoARM (All) 94.04 | 0.0255 | 0.1531 bines reinforcement learning and transformer-based clas-

Table 4: Ablation study over the different choices of meta-
data used in GenoARM.

type of metadata provides potentially complementary infor-
mation.

Limitations

This study has several limitations. Our method relies on
known AR genes, necessitating retraining to incorporate
new genes, which may limit its adaptability to emerging re-
sistance. Additionally, the data used in the study is predom-
inantly from the United States, potentially biasing our mod-
els towards this region’s AR landscape and limiting gener-
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sification models to optimize PCR test selection and im-
prove antibiotic resistance predictions. The optimized PCR
tests, along with our high-performing AR prediction model,
show significant potential in guiding the selection of ap-
propriate antibiotic treatments. Our results demonstrate that
the GenoARM framework performs well across various
pathogens effectively utilizing metadata to enhance predic-
tions. The genetic algorithm RandEvolve also proves to be a
competitive alternative. Both methods benefit from our pro-
posed AR prediction model, which efficiently utilizes exis-
tence embeddings to represent gene presence. Overall, our
framework represents a significant advancement in optimiz-
ing diagnostic tools for AR in clinical settings. By enhancing
the precision of AR predictions and enabling more targeted
treatments, our method has the potential to mitigate the im-
pact of AR on global health.
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