
http://www.diva-portal.org

This is the published version of a paper published in Neural Computing & Applications.

Citation for the original published paper (version of record):

Aro-Sati, L., López-Cortés, X A., Troncoso, J M., Peralta, D. (2026)
Integrating multi-species and multi-antibiotic resistance classification with MALDI-
TOF: a deep learning approach to predict AMR
Neural Computing & Applications, 38(16): 671
https://doi.org/10.1007/s00521-026-12425-0

Access to the published version may require subscription.

N.B. When citing this work, cite the original published paper.

Permanent link to this version:
http://urn.kb.se/resolve?urn=urn:nbn:se:oru:diva-130753



ORIGINAL ARTICLE

Neural Computing and Applications (2026) 38:671 https://doi.org/10.1007/s00521-026-12425-0

Neural Computing and Applications

Integrating multi-species and multi-antibiotic resistance 
classification with MALDI-TOF: a deep learning approach 
to predict AMR

Leila Aro-Sati  · Xaviera A. López-Cortés · José M. Manrıquez Troncoso · Daniel Peralta

Received: 28 July 2025 / Accepted: 10 July 2026
© The Author(s) 2026

Abstract
Antimicrobial resistance (AMR) poses a significant global health threat, impacting clinical treatments, agri-
culture, and public health. Although mass spectrometry techniques like MALDI-TOF provide opportunity for 
rapid AMR detection, current state-of-the-art models, such as MSDeepAMR, are limited to single-label clas-
sification, requiring separate models for each bacterium-antibiotic combination. These approaches struggle 
with challenges such as class imbalance, incomplete labels, and poor generalization across bacterial strains and 
antibiotics. This study addresses these limitations by introducing a novel multi-label, multi-bacteria classifica-
tion framework (MLMBC) that simultaneously predicts AMR across multiple bacterial species and antibiotics 
using MALDI-TOF mass spectrometry data and Convolutional Neural Networks (CNNs), hereby establishing 
a solid foundation for the development of robust and rapid diagnostic tools to address the growing threat of 
multidrug-resistant bacteria. Utilizing CNNs in combination with transfer learning and semi-supervised clas-
sification techniques, such as self-training, pseudo-labeling and kNN label propagation, our approach improves 
accuracy and overcomes dataset limitations. Results demonstrate that the proposed approach with pseudo-
labeling consistently outperforms single- and multi-label baselines; for example, it achieves AUROC ≥ 0.94 
for E. coli, K.pneumoniae and S.aureus - Ceftriaxone pairs. Statistical tests support the effectiveness of the 
proposed approach, demonstrating that simultaneous multi label, multi-bacteria modeling constitutes a reliable 
and scalable strategy for antibiotic resistance prediction in clinically relevant settings.

Keywords  Antimicrobial resistance (AMR) · MALDI-TOF · Deep learning · Multi-label classification · 
Semi-supervised learning · Transfer learning · Multidrug resistance (MDR)

1  Introduction

1.1  Antimicrobial resistance

The problem of antimicrobial resistance (AMR) of bacteria causes hundreds of thousands of deaths annually. 
Recognizing the severity of this issue, the EU Regulation in 2019/6 has taken measures to limit the use of 
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antibiotics not only in treatment but also in the form of feed additives for livestock [1]. The World Health Orga-
nization (WHO) has also recognized this widespread phenomenon as a major global threat in 2014 [2].

AMR has gained importance not only in clinical conditions but also in agriculture and aquaculture as well. 
About 70 percent (by weight) of antibiotics are used to prevent infections or promote growth in livestock [3]. 
This raises a threat to human health due to the transmission of Antibiotic-Resistant Bacteria (ARBs) from food-
producing animals to humans [4]. Residual antibiotics in food promote low-dose exposure and indirect harm to 
humans via antibiotic resistance  [5]. Moreover, drug-resistant strains are transmitted from plant- and animal-
derived products (meat, eggs, poultry) to humans via environmental media, food products, and direct contact 
(e.g., agricultural workers)  [6]. The increase in annual antibiotic production  [7] and inappropriate antibiotic 
prescription in at least half of the cases [8] facilitates multidrug resistance (MDR) in bacteria. MDR occurs when 
bacteria become resistant to multiple antibiotics. Consequently, MDR limits treatment options and increases the 
risk of therapeutic failure, prolonged infections, and mortality [9]. For example, methicillin-resistant Staphylo-
coccus aureus is resistant not only to methicillin but also to aminoglycosides, macrolides, tetracycline, chloram-
phenicol, and lincosamides [10]. Moroccan chicken broiler samples showed that isolated strains of S. aureus were 
resistant to penicillin (54%) and ciprofloxacin (17%) [11]. E. coli strains isolated from poultry in Poland dem-
onstrated high resistance to ampicillin (100%), doxycycline (100%), and ciprofloxacin (81.3%) [12]. Resistant 
strains of E. coli [13] have been found to cause bloodstream infections in humans potentially derived from food 
sources. In summary, multiple studies have shown that overuse of antibiotics in food-producing animals reduces 
the effectiveness of those antibiotics in patient treatments [5, 14].

Traditional Antimicrobial Susceptibility Test (AST) methods, such as disk diffusion, are widely used in hospi-
tal laboratories to guide patient treatments. However, they require microbiological facilities and specially trained 
personnel for accurate implementation, and they are applicable only for cultivable bacteria [15]. Furthermore, 
they are time-consuming, taking up to 72 hours to obtain the results [3], hindering timely patient treatment. Cur-
rently, several complementary methods are available for AST  [16]. These include polymerase chain reaction 
(PCR), which is rapid and highly sensitive but prone to errors and requires prior sequence information [17]; quan-
titative PCR (qPCR), which provides real-time and quantitative measurements while retaining the limitations of 
conventional PCR; and next-generation sequencing (NGS), which enables comprehensive genomic characteriza-
tion but is not yet fully standardized and shows uneven global adoption [18].

Matrix-Assisted Laser Desorption Ionization Time-of-Flight Mass Spectrometry (MALDI-TOF MS) is a tech-
nique widely implemented in clinical microbiology, whose main drawback is the high initial cost of instrumenta-
tion [19]. Introduced in the early 2000 s, it has become a cornerstone for the rapid, accurate, and cost-effective 
identification of microorganisms, fundamentally transforming routine diagnostic workflows and opening new 
opportunities for downstream applications such as AMR prediction. The most common approach involves ana-
lyzing fingerprint spectra between 2 000 and 20 000 Daltons (Da), reflecting the composite proteome of a bac-
terial cell. Its ability to create unique spectral fingerprints from bacterial samples enables the application of 
Machine Learning (ML) for an efficient AMR analysis, to determine whether a spectrum corresponds to a sample 
susceptible or resistant to a particular antibiotic [20–23].

1.2  Machine learning and biomedical data

ML techniques have been increasingly applied to biomedical data to enhance the accuracy and efficiency of diag-
nostic procedures. Although uptake of ML in the clinical setting might not be very rapid due to safety concerns, 
it is likely to be more applicable in the laboratory setting [24]. As such, one area of application of ML has been 
to improve antibiotic selection and clinical decision-making by using information already available from the 
electronic patient record [25]. For bacterial species identification, several ML techniques have been applied, such 
as random forests (RFs), support vector machines (SVMs), k-nearest neighbors (KNN) and logistic regression 
(LR) [26, 27].
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In the context of AMR, several works have shown promising results in predicting antibiotic resistance using 
traditional machine learning algorithms [28–30]. On the other hand, Artificial Neural Network (ANN) and Deep 
Learning (DL) architectures have gained prominence due to their ability to process large datasets and identify 
complex patterns in mass spectrometry data [31–33]. However, they are inherently not traceable and become 
increasingly complex as more layers and/or nodes are added [34].

Recent studies have shown that convolutional layers achieve strong performance in disease diagnosis  [35, 
36]. More specifically, advances in DL have highlighted the ability of Convolutional Neural Networks (CNNs) 
models to directly process raw mass spectrometry data, enabling high-accuracy prediction of antibiotic resistance 
profiles [33, 37]. Although studies have demonstrated that CNNs can effectively classify antibiotic resistance 
across various bacterial species, the systematic review [37] of algorithms highlighted the limited application of 
CNNs in this research domain. Recently, transformer-based architectures [38] have been explored for the analysis 
of MALDI-TOF mass spectrometry data [39]. In one of the first studies applying this approach, a transformer 
model was trained and evaluated on both species identification and antimicrobial resistance prediction tasks. The 
authors reported that while transformers can offer advantages in certain scenarios, their performance does not 
consistently surpass that of simpler architectures such as multilayer perceptrons (MLPs), highlighting the contin-
ued relevance of classical models in this domain.

1.2.1  Multi-label classification

Multi-Label Classification (MLC) aims to predict multiple labels simultaneously for a single instance. Because 
bacterial isolates may exhibit resistance to several antibiotics at the same time, multidrug resistance (MDR) can 
naturally be formulated as a multi-label classification problem [40]. Despite its clinical relevance, the application 
of MLC to AMR prediction remains limited.

Existing studies have mainly focused on specific bacterial species or restricted antibiotic sets. For example, the 
work in [40] predicted antibiotic resistance in E. coli using whole-genome sequencing data, while [41] applied 
MLC to MALDI-TOF MS data for predicting resistance of S. aureus to two antibiotics. Other approaches have 
explored explainable multi-label frameworks using relatively small datasets such as PATRIC [42].

These limitations highlight the need for scalable multi-label approaches capable of simultaneously modeling 
resistance across multiple antibiotics and bacterial species using large-scale MALDI-TOF MS datasets.

1.2.2  MSDeepAMR

The study [33] recently introduced the MSDeepAMR model, which applies deep neural networks to predict AMR 
directly from raw MALDI-TOF MS spectra. This model achieved higher classification performance compared 
to traditional ML approaches [32], particularly when combined with transfer learning techniques to adapt pre-
trained models to new datasets for certain bacteria-antibiotic combinations.

However, the application of deep learning in AMR is still underexplored and several challenges remain 
unaddressed:

	● Class imbalance: the dataset class imbalance, with limited resistant samples, often biases models toward the 
majority class.

	● Geographical variability: resistance profiles can vary geographically, limiting the generalizability of trained 
models across regions [43, 44].

	● Lack of multi-label capabilities: although there have been some advances in this direction, there is no general 
model yet that can simultaneously predict the resistance of a single strain to multiple antibiotics.

	● Incomplete labels: datasets include incomplete labeled resistance profiles when no data is available for certain 
bacteria-antibiotic combinations. As such, while one bacterium may be resistant to several antibiotics, there 
might be no recorded data for its susceptibility or resistance to all the antibiotics used to train a model.
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	● New data: including new bacterial species or antibiotics implies re-training of the model from scratch, which 
is computationally expensive and time-consuming.

To address these limitations, this paper proposes a novel multi-species multi-antibiotic classification approach, 
complementing MSDeepAMR, that allows simultaneous prediction of multiple resistance profiles by exploiting 
complex MS data. Furthermore, since bacterial resistance profiles can vary significantly across different geo-
graphical regions [43–45] and slight differences in sample collections parameters [33] can limit the generaliz-
ability of a DL model, we also employ a transfer learning approach to test the generalization capabilities of the 
proposal to data gathered from different hospitals.

The primary contributions of this work are: 

1.	 A Multi-Label Multi-Bacteria Classification (MLMBC) framework for simultaneous prediction of resistance 
across multiple antibiotics and bacterial species.

2.	 Integration of transfer learning to improve generalizability, evaluated on the a large, public dataset gathered in 
different hospitals (DRIAMS-B, DRIAMS-C, and DRIAMS-D).

3.	 Application of semi-supervised learning approaches to leverage incomplete labels and enhance prediction 
accuracy.

Unlike existing approaches that typically address resistance in a single bacterial species or rely on binary clas-
sification of individual antibiotic–pathogen pairs, our method simultaneously models resistance across multiple 
antibiotics and clinically relevant bacterial species. By integrating multi-label classification within the MSDeep-
AMR framework, we capture complex and overlapping resistance patterns that better reflect real-world clinical 
scenarios. Importantly, leveraging MALDI-TOF MS enables a rapid, scalable, and cost-effective alternative to 
whole-genome sequencing, facilitating timely decision support in routine microbiology workflows. This work 
therefore fills a critical gap in current AMR research and represents a significant step toward more comprehensive 
and clinically actionable resistance prediction.

2  Methods

The current paper extends the approach of [33]; therefore, we have followed a similar experimental methodol-
ogy, which is visually illustrated in Fig. 1 and described in the subsections below. As such, we starting from 
the MSDeepAMR base model and follow three progressive strategies: Multi-Label Classification (MLC; one 
pathogen, multiple antibiotics), Multi-Bacteria Classification (MBC; multiple pathogens, one antibiotic), and 
the integrated Multi-Label Multi-Bacteria Classification (MLMBC). Furthermore, incomplete labels are han-
dled with masked loss and semi-supervised techniques (self-training,pseudo-labeling and label propagation). 
Finally we apply Transfer learning from DRIAMS-A to DRIAMS-B-C-D which in turn evaluates cross-domain 
generalization.

2.1  Dataset

The DRIAMS dataset (Drug Resistance in Infectious Agents Modelling and Surveillance) has been chosen to 
investigate antibiotic resistance patterns in bacterial pathogens due to its replicability, high number of samples, 
and public availability [32]. It contains MALDI-TOF mass spectra collected from four Swiss medical institutions, 
with DRIAMS-A (University Hospital Basel) having the largest amount of samples, while DRIAMS B-C-D 
represent considerably smaller collections from different healthcare centers. The size of the database is approxi-
mately 300,000 mass spectra with over 750,000 antibiotic resistance profiles which includes initially 803 differ-
ent types of bacterial and fungal pathogens. This study uses DRIAMS-A for training and cross-validation, with 
transfer learning applied to DRIAMS-B-C-D, as was done in the original dataset publication [32].
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This study is focused on the following priority pathogens [43] due to their large number of samples in DRI-
AMS-A dataset and medical relevance: E. coli, K. pneumoniae, and S. aureus. The extracted dataset consists 
of 6 000 features representing raw MS data represented by binned vectors of size 3 Da in the range of 2 000 to 
20 000 Da and species information.

Table 1 provides a detailed overview of the class distribution for resistant and susceptible strains for each com-
bination in the DRIAMS-A-B-C-D datasets.

Table 2 outlines the combinations of bacteria and antibiotics that are present in each dataset. For example, 
Piperacillin-Tazobactam was only tested on E. coli strains; hence, a Multi-Bacteria Classification approach (see 

Bacteria Antibiotic DRIAMS-A DRIAMS-B DRIAMS-C DRIAMS-D
#S/#R (%) #S/#R (%) #S/#R (%) #S/#R (%)

E. coli Ciprofloxacin 3445/1466 
(70/30)

154/59 (72/28) 698/191 (79/21) 1568/371 
(81/19)

Ceftriaxone 3875/1086 
(78/22)

168/45 (79/21) 765/191 (80/20) 1796/198 
(90/10)

Cefepime 4051/839 (83/17) 170/43 (80/20) 496/126 (80/20) 1843/153 
(92/8)

Piperacillin–
Taz.

4449/350 (93/7) 164/49 (77/23) 571/52 (92/8) 1878/90 
(95/5)

Tobramycin 4240/636 (87/13) - - 1/0 (100/0)
K. pneumoniae Ciprofloxacin 2325/513 (81/19) 130/22 (85/15) 318/48 (87/13) 1934/168 

(92/8)
Ceftriaxone 2411/449 (84/16) 134/18 (88/12) 311/55 (85/15) 2028/123 

(94/6)
Cefepime 2477/362 (87/13) 134/18 (88/12) 132/53 (71/29) 2042/109 

(95/5)
Meropenem 2794/61 (98/2) 146/1 (99/1) 4/0 (100/0) 337/0 (100/0)
Tobramycin 2527/319 (89/11) - - -

S. aureus Ciprofloxacin 3141/616 (84/16) 322/26 (93/7) 705/33 (96/4) 2023/138 
(94/6)

Fusidic acid 3513/253 (93/7) 326/20 (94/6) 634/17 (97/3) -
Oxacillin 3064/726 (81/19) 325/21 (94/6) 697/41 (94/6) -
Ceftriaxone 2928/712 (80/20) 0/0 (0/0) - -
Clindamycin 3056/519 (85/15) 311/37 (89/11) 572/79 (88/12) -

Table 1  Susceptible and 
resistant strains across anti-
biotics in DRIAMS datasets

 

Fig. 1  Overview of the 
proposed AMR prediction 
framework. Starting from the 
MSDeepAMR base model 
and followed by: MLC, MBC 
and MLMBC models
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Section 2.2) with the given antibiotic would simply lead to a single binary classification result with one bacteria-
antibiotic combination.

After extraction of the data, binned mass spectra were computed to obtain fixed-length vectors suitable for 
DL algorithms [33]. The datasets are already split into training and test sets to ensure comparison across studies; 
furthermore, a stratified 10-fold cross-validation was applied to the training set to ensure robust model evaluation 
and correct hyperparameter optimization. Note that, due to the labels being different for the different variants of 
the problems we have studied, the stratification of the cross-validation varies across models, as described in 2.2 
and 2.5. After evaluating all methods on this cross-validation partitioning, the performance metrics are also cal-
culated on the test set to assess the model performance.

2.2  Models

This proposal extends the MSDeepAMR model [33], which predicts whether a single bacterial strain is resistant 
or susceptible to a single antibiotic (single binary classification), to four different strategies to predict AMR:

	● Single Binary Classification (SBC): The baseline MSDeepAMR where resistance is predicted for a single 
bacterial species and a single antibiotic.

	● Multi-Label Classification (MLC): Extends SBC by predicting resistance to multiple antibiotics for a sin-
gle species. Separate models were developed for each species. In this case, each label represents a different 
antibiotic.

	● Multi-Bacteria Classification per Antibiotic (MBC): Contrary to the MLC approach, the MBC approach 
focuses on creating individual models for each antibiotic, rather than each species. Here, a single model is 
responsible for predicting resistance to one antibiotic, but across multiple species, including E. coli, K. pneu-
moniae, and S. aureus, potentially generalizing across species.

	● Multi-Label Multi-Bacteria Classification (MLMBC): Simultaneously predicts resistance across multiple 
bacterial species and antibiotics, combining the two previous approaches into a single model. This potentially 
reduces the computational load and time compared to training separate models for each species or antibiotic. 
However, the increased complexity of the model requires careful implementation and validation.

The neural network architecture is depicted in Fig. 2. Note that the size of the last layer is different for each of 
the strategies (5 neurons for MLC, 1 for MBC, and 9 for MLMBC). Furthermore, different modeling techniques 
were employed—such as species encoding, masking-technique and self-labeling—to further adapt the model 
architecture and its training to each strategy. Table 3 summarizes these modeling elements.

2.2.1  Species encoding

Bacterial species information was one-hot encoded as binary columns to allow the model to differentiate between 
species for the MBC and the MLMBC. For the MLC approach, species encoding was not necessary, since it deals 
with a single species at a time.
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Fig. 2  Depiction of the neural 
network architecture. Convolu-
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strategy (1 for SBC and MBC, 5 
for MLC and 9 for MLMBC)
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2.2.2  Handling incomplete labels

The datasets for all three bacterial species (E. coli, K. pneumoniae, and S. aureus) contained incomplete labels 
about their antibiotic resistance. Incomplete labels were removed in MLC and MBC models.

However, MLMBC has the potential to predict resistance or susceptibility of bacteria to certain antibiotics, 
even if that particular combination was never tested in the training set. Furthermore, due to the large number of 
combinations that were untested, a basic complete case analysis would lead to an empty dataset. Therefore, we 
applied the masked binary cross-entropy loss function [42] to train the network (Eq.  1).

First, incomplete labels were identified and set to the value of −1 (distinct from 0 and 1, which respecively 
represent Susceptibility and Resistance). Then, we create a mask (Eq.2) that ignores −1 values when computing 
the loss, so that the gradient of the error between the target and predicted values for the missing value indices is 
zero, and therefore does not influence the network weight update. Finally, the binary cross-entropy loss function 
is calculated only for non-masked values, to eliminate the model’s bias by incomplete entries [42].

	
Masked Loss = − 1

n

n∑
j=1

mi,j

[
yi,j log (ŷi,j) + (1 − yi,j) log (1 − ŷi,j)

]
� (1)

	
Mask(mi,j) =

{
0 if y(i, j) = −1,
1 if y(i, j) ̸= −1. � (2)

2.2.3  Hyperparameter optimization

Hyperparameter grid search was conducted using a random search strategy on the training data similar to  [33]. 
First, the training set was further divided into an inner training and validation split, with 80% of the data used 
for model fitting and 20% used for validation. The search space included the number of convolutional blocks (2 
to 5), the number of filters(32 to 256), kernel size(3 to 19), the number of fully connected layers (2 to 5), and the 
number of neurons in each fully connected layer (32 to 256) which yelded to 27,648 combinatation. Out of these 
combinations 50 were randomly sampled. For each sampled configuration, a CNN model was built and compared 
to the initial architecture  [33], trained using binary cross-entropy with masking for missing labels, and monitored 
using early stopping and learning-rate reduction based on validation loss. Model performance was assessed on 
the validation split using AUROC, AUPRC, and Balanced Accuracy, calculated across species-antibiotic com-
binations. Each configuration was first compared with the initial architecture and the one with the highest mean 
AUROC was selected as the best-performing hyperparameter setting. After selection, the model with the optimal 
hyperparameters was used as for the 10-fold cross validation and evaluation procedure on the test set. The result-
ing model achieved lower metric values than the previous architecture  [33].

The lower performance observed after 10-fold cross-validation and test-set evaluation may indicate overfit-
ting to the inner validation split used during hyperparameter optimisation. Although the selected configuration 
achieved the best validation performance during random search, this result did not outperform the initial archi-
techture  [33] during the final evaluation on the test set. This suggests that the optimisation procedure may have 
selected a model architecture that was favourable for a particular validation partition but less stable across folds 
and unseen test data.

Modeling elements MLC MBC MLMBC
Species encoding ✓ ✓
Masking-technique ✓
Self-training ✓
Pseudo-labeling ✓
kNN label propagation ✓

Table 3  Overview of model-
ing components supported 
by each resistance predic-
tion approach
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2.3  Semi-supervised learning

Semi-supervised learning is a branch of ML that seeks to enhance model performance by making use of both 
labeled and unlabeled data to improve learning performance  [46, 47]. The core idea is that unlabeled data, when 
used appropriately, can provide additional information that is either missing from the labeled data or is difficult 
to extract. In the recent survey [46], authors introduced an extensive taxonomy of semi-supervised classification 
approaches, highlighting wrapper methods as the most widely and commonly used methods. Wrapper methods 
rely on predictions from supervised classifiers to assign labels to previously unlabeled instances, which are 
subsequently incorporated into the training process. Two primary approaches can be identified: self-training, 
where the model is repeatedly retrained from the beginning using the expanded self-labeled dataset, and pseudo-
labeling, where the model is continuously fine-tuned using on-the-fly generated pseudo-labels, avoiding full 
retraining [48].

To complement the wrapper-based semi-supervised learning strategies, we also applied a graph-based label 
propagation procedure. Graph-based semi-supervised learning propagates label information through a graph that 
captures similarity relationships between instances  [47]. As such, training instances are represented as nodes, and 
the edges encode similarity between instances. Label propagation then transfers label information from labeled 
nodes to nearby unlabeled nodes under the assumption that similar instances are likely to share similar labels. 
As such, the general assumption is that neighbouring or strongly connected instances are likely to share similar 
labels. In our setting, this assumption is applied to MALDI-TOF spectral profiles. In this work, we implement a 
K-nearest-neighbour (kNN) label propagation approach, where a kNN graph is constructed from the training data 
and labels are propagated from labeled to unlabeled instances through their nearest neighbours.

In this work, we focus on wrapper-based and graph-based semi-supervised learning. As such, we employ both 
self-training and pseudo-labeling to the first and kNN label propagation to the latter approach to integrate unla-
beled antimicrobial resistance data into the learning process.

2.3.1  MLMBC Self-Training

Self-training (ST), also referred to as self-learning, represents the most basic and widely used types of wrapper 
methods for semi-supervised learning [47]. ST involves training a classifier on labeled data and then using the 
classifier to predict labels for unlabelled data, thereby augmenting the training set [46, 47, 49]. This technique 
provides additional labeled data points, improving the model’s performance. The schematic representation of the 
self-training process is given in Fig. 3. An iterative ST was used complementary to the masked loss function, 
which was implemented on MLMBC and evaluated independently as MLMBC ST.

The MLMBC model is first trained using the data and labels available in the training set. Then, the model pre-
dicts the missing labels in the training test. Following recommendations in [49], we apply a confidence threshold 
of 0.70; that is, the missing label (−1) is replaced by the predicted label (0 or 1) only if the confidence is above the 
set threshold. The predicted labels are incorporated into the training set and the model is re-trained, after which 
another self-training loop takes place, until no more labels are predicted above the confidence threshold.

2.3.2  MLMBC Pseudo-Labeling

In addition to the self-training approach, we implement semi-supervised learning based on pseudo-labeling 
(PL) [48]. In contrast to self-training, pseudo-labeling is applied as a continuous semi-supervised fine-tuning pro-
cedure rather than an iterative retraining loop. For unlabeled samples, the method assigns hard labels by selecting 
the class with maximum predicted probability. The schematic representation of the self-training process is given 
in Fig. 3. A ST was used complementary to the masked loss function, which was implemented on MLMBC and 
evaluated independently as MLMBC ST.
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The main concept is to exploit the model’s own high-confidence predictions on unlabeled data to enhance 
supervision [48]. As such, training is done by two complementary loss terms: supervised and pseudo-labeled 
within each epoch. A pseudo-label loss is applied to a subset of unlabeled data for which the model produces 
sufficiently confident predictions. These predictions are converted into hard pseudo-labels (0 or 1) and treated as 
additional training targets. The overall loss function is given as:

	
L = 1

n

n∑
m=1

C∑
i=1

L(ym
i , fm

i ) + α(t) 1
n′

n′∑
m=1

C∑
i=1

L
(
ỹ

′m
i , f

′m
i

)
,� (3)

where n denotes the number of labeled samples, n′ the number of samples containing at least one pseudo-labeled 
antibiotic–species pair, C the number of antibiotics, y(m)

i  the observed label, ỹ′m
i  is the pseudo-label, and fm

i  

Fig. 3  Framework for Semi-Supervised Learning Approaches
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the corresponding model output for labeled data and f ′m
i  for unlabeled data. The weighting coefficient α(t) is a 

balancing coefficient [48].
The MLMBC model computes supervised loss using masked binary cross-entropy, which ignores missing 

labels. In parallel, the model generates predictions for unlabeled antibiotic–species pairs. Following the pseudo-
labeling strategy proposed by [48], a pseudo-label of 1 is assigned when the predicted probability is p ≥ 0.98 and 
0 otherwise.

The overall training objective combines the supervised and pseudo-label losses (Eq. 3), with the contribution 
of the pseudo-label term gradually increasing over epochs using the α(t) weighting scheme that follows a three-
phase trajectory: a warm-up period (t < T1 = 5 epochs) where α = 0, a linear phase (5 ≤ t < T2 = 35 epochs) 
during which α(t) increases proportionally, and a plateau phase (t ≥ 35) where α(t) reaches a fixed maximum 
value of αf = 1.5. This conservative upper bound, compared to the value αf = 3.0 used by [48] for MNIST, 
reflects the higher complexity and noise inherent in biological data.

Unlike self-training, the model is not retrained from scratch, and pseudo-labels are not permanently added to 
the dataset. Instead, pseudo-labels are generated dynamically during training, allowing the model to progres-
sively refine its decision boundaries while reducing predictive uncertainty on unlabeled data.

2.3.3   MLMBC kNN Label Propagation

kNN Label Propagation (kLP) is an iterative graph-based label propagation procedure in which label estimates 
are propagated over a transition matrix derived from the graph and the known labels are clamped back to their 
observed values after each propagation step  [47, 50]. This process is repeated until convergence. The result-
ing propagated labels are then used to fill only the originally missing entries in the training label matrix. In our 
case, this process was operationalized through kNN-based label propagation. For each species-antibiotic pair, a 
kNN graph with k = 5 was constructed implicitly from the scaled spectral features of the training instances. We 
applied scikit-learn’s LabelPropagation with kernel = ”knn” and n_neighbors = 5. The known labels were 
used as fixed labels, and missing entries were treated as unlabeled. The algorithm then propagated label informa-
tion across neighbouring nodes until convergence and returned inferred labels for the unlabeled instances. Since 
the labels in this study are represented as binary 0/1 antimicrobial resistance labels, the final propagated labels 
were used directly to fill missing entries (−1) only. The completed training label matrix was subsequently used 
as input for MLMBC model training. Finally, the optimized model was applied on the test set remained for final 
evaluation. The kNN LP procedure used in this study was inspired by the graph-based label propagation formula-
tion of Zhu [47, 50].

2.4  Data preparation and normalization

Features were scaled to ensure comparability and consistency, with each sample’s maximum value scaled to 1 due 
to the sharp peaks characteristic of raw mass spectra data. Then, the features were concatenated with the one-hot 
encoded species information. This ensures that, in our training data, the last three columns are species informa-
tion distinct from mass spectra peak values.

The initial training dataset is further split into training and validation sets using stratification.

2.5  Model training

We applied a 10-fold stratified cross-validation strategy to the training set to ensure the robustness and general-
izability of the model. More precisely, the following cross-validation strategies were applied per classification:

	● MBC (Multi-Bacteria Classification): A 10-fold stratified cross-validation was applied to maintain the ratio 
of susceptible and resistant strains for each bacterial species across all folds.
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	● MLC (Multi-Label Classification): A 10-fold Iiterative Stratification was used to ensure that distributions of 
antibiotic resistance labels (susceptible and resistant) across the folds.

	● MLMBC (Multi-Label Multi-Bacteria Classification): A 10-fold MultilabelStratifiedKFold was applied so 
that both the proportions of bacterial species and the multi-label antibiotic resistance patterns are jointly main-
tained across folds.

The model was trained using the Adam optimizer with a learning rate of 10−4, a batch size of 32, and a binary 
cross-entropy loss function for MLC and MBC. A custom masked binary crossentropy loss function was used 
for the MLMBC approach, as discussed previously. The training process also includes early stopping to prevent 
overfitting, with a patience parameter set to 4 and a learning rate reduced by a 0.1 factor if the validation loss 
plateaus for two epochs. The best performing model (based on validation loss) is saved for the evaluation of the 
test set. All experiments were implemented in Tensor flow/Keras and executed in Google Colab (GPU-enabled).

The dataset used in the current paper clearly has class imbalance, when the class of interest is much lower than 
that of the other classes [51, 52]. Hence, the balanced accuracy has also been chosen as a metric. The performance 
of ML techniques (when applied in AMR research) is most often measured with the area under receiver operating 
curve (AUROC), especially in binary classification problems of biological nature class [53]. A value of AUROC 
equal to 1 indicates a perfect model, whereas a value of 0.5 indicates a performance similar to random guessing. 
The area under the precision-recall curve (AUPRC) is sometimes used as an alternative to AUROC, focusing on 
correctly classified positive values (minority class). AUPRC has been assumed to perform better with imbalanced 
data for the binary classification problem [54]. During cross-validation, AUROC and AUPRC were computed 
separately for each fold and subsequently averaged across folds to assess robustness. In addition, AUROC and 
AUPRC were evaluated on the held-out test set for comparison with prior studies. Two additional performance 
measures have been used for the multi-label scenarios: Jaccard Index and Hamming distance.

2.6  Transfer learning

To evaluate the generalizability of our proposal across various clinical environments, we conducted transfer 
learning experiments applying the best performing model (MLMBC PL) on DRIAMS-B-C-D. Transfer learning 
allows the model to leverage knowledge learned from one domain and apply it to another where domain-specific 
differences can be significant. Three transfer learning strategies were performed:

	● Zero-shot without any training and treating the whole dataset as a test set.
	● Freezing the weights of convolutional layers.
	● Warm start (fine-tuning the entire neural network).

2.7  Analysis of feature contribution using shapley values

SHAP (SHapley Additive exPlanations) analysis was used to interpret the importance and impact of key features, 
specifically peaks (m/z), in predicting antibiotic resistance in bacterial species. SHAP is widely used for its versa-
tility in explaining both classical machine learning models and neural networks. In this study, SHAP values were 
calculated for the MLMBC PL model using the DeepExplainer tool, which is designed for deep neural networks.

3  Results

In this section, the results of the four different models are discussed. First, the findings of the DRIAMS-A dataset 
are discussed. Next, the semi-supervised learning techniques are evaluated on the DRIAMS-A dataset for the 
MLMBC model. At last, the outcomes of the transfer learning on the DRIAMS-B-C-D datasets are examined.
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The combined results of all approaches with 10-fold cross-validation are summarized in Supplementary Mate-
rial (Table S1), whereas the results on the test set are reflected in Tables 4 and 5, and Fig. 4.

3.1  Multi-Label Classification (MLC) 

Relative to SBC, MLC shows mixed performance across bacteria–antibiotic combinations. For E. coli, AUROC 
scores are generally comparable or slightly lower, with the exception of Piperacillin-Tazobactam (0.733 vs 0.64), 
where shared label information provides a clear benefit. For K. pneumoniae, MLC improves notably on Ceftri-
axone (0.850 vs 0.82), Cefepime (0.850 vs 0.83), and Meropenem (0.943 vs 0.83), while underperforming on 
Tobramycin. For S. aureus, results are mixed, with a notable drop on Ciprofloxacin (0.779 vs 0.85) but gains 
on Fusidic acid and Oxacillin. In terms of multi-label metrics in (Table 5), MLC does not consistently reduce 
Hamming loss or improve Jaccard index relative to later multi-label methods. Overall, these results suggest that 
modelling antibiotic co-resistance within a single species is insufficient to consistently and substantially exceed 
SBC performance.

3.2  Multi-Bacteria Classification (MBC)

The MBC approach extends SBC by jointly modelling multiple bacterial species for a single antibiotic, allowing 
the model to exploit cross-species information. MBC performance is largely comparable to SBC and MLC, with 
modest gains in some combinations - for example, E. coli Ceftriaxone (0.895 vs SBC 0.87) and K. pneumoniae 
Cefepime (0.843 vs SBC 0.83) – but underperforms on others, notably E. coli Tobramycin (0.713 vs SBC 0.76) 
and K. pneumoniae Tobramycin (0.780 vs SBC 0.83). Overall, cross-species label sharing alone does not yield 
consistent gains over the single-label SBC baseline, and metrics results in Tables 4 and 5 do not support MBC as 
a reliable improvement over simpler classifiers.

3.3  Multi-Label Multi-Bacteria Classification (MLMBC)

In general, compared to SBC, MLMBC shows consistent AUROC and AUPRC improvements across most bac-
teria–antibiotic combinations, while Hamming loss remains largely stable. For E. coli, the most notable gains are 
on Ceftriaxone (AUROC 0.906 vs 0.87; AUPRC 0.832 vs 0.79) and Cefepime (AUROC 0.902 vs 0.88; AUPRC 
0.758 vs 0.70), as well as Piperacillin-Tazobactam (AUROC 0.733 vs 0.64). Ciprofloxacin is the exception, 
where MLMBC slightly underperforms SBC (0.825 vs 0.85). For K. pneumoniae, noticeable improvements are 
observed for Ciprofloxacin (0.794 vs 0.76), Ceftriaxone (0.893 vs 0.82), and Cefepime (0.886 vs 0.83), while 
Meropenem shows only a marginal gain (0.859 vs 0.83) and Tobramycin is marginally lower (0.825 vs 0.83). For 
S. aureus, Fusidic acid improves moderately (0.707 vs 0.68) and Oxacillin remains unchanged (0.931 vs 0.93), 
while Ciprofloxacin decreases (0.801 vs 0.85). Overall, MLMBC demonstrates that jointly modelling multiple 
labels and species yields consistent gains over single-label baselines, with the Jaccard index reflecting improved 
capture of joint resistance patterns across most combinations.

3.3.1  Self-Training (MLMBC ST)

In the beginning, the dataset had 36,559 labeled and 30,473 unlabeled data points. After applying the iterative 
self-training, the number of labeled instances increased to 64,335 and unlabeled data points decreased to 13,075. 
The number of unlabeled instances does not decrease after the 9th iteration of the self-training process; therefore, 
we set the number of iterations to 10. The change of labeled and unlaveled instances per each iteration is available 
in the Supplementary Material (Figure S4).

The most noticeable change in the reduction of the unlabeled labels appeared for Oxacillin dropped from 
5026 to just 1, all of which were assigned to the Resistant class. A similar result is seen for Clindamycin and 
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Tobramycin, whereas Fusidic acid label distribution has not changed. The distribution appears to become more 
balanced for Cefepime and Tobramycin as a result of increased Resistant labels. A full overview of the label 
distributions before and after self-training is shown is available in the Supplementary Material (Figure S5). Note 
that the best model of the self-training approach is tested on the test set (Table 4).

Relative to SBC, MLMBC ST shows consistent AUROC gains across most bacteria-antibiotic combinations, 
including K. pneumoniae - Meropenem (AUROC: from 0.83 to 0.957) and E. coli - Piperacillin-Tazobactam 
(from 0.64 to 0.759). However, improvements over supervised MLMBC are moderate and vary across antibiot-
ics, suggesting that iterative self-training provides meaningful benefits in cases of high label sparsity.

3.3.2  Pseudo-Labeling (MLMBC PL)

Tables 4 and 5 summarize the test set performance of the MLMBC model with pseudo-labeling on the DRIAMS-A 
dataset. The results show strong and consistent predictive performance across the three bacterial species. As such, 
Fig. 5 shows that the largest improvements are observed for K. pneumoniae - Meropenem (∆AUPRC = +0.40
) and E. coli -Tobramycin (∆AUPRC = +0.23). In the case of E. coli, the model achieved high discriminative 

Table 5  Test set Hamming distance (Ham.) and Jaccard Index (Jac.) on the DRIAMS-A dataset
Bacteria Antibiotic MLC MLMBC MLMBC ST MLMBC PL MLMBC kLP

Ham. Jac. Ham. Jac. Ham. Jac. Ham. Jac. Ham. Jac.
E. coli Ciprofloxacin 0.182 0.475 0.217 0.414 0.183 0.501 0.140 0.569 0.159 0.514

Ceftriaxone 0.113 0.541 0.088 0.617 0.089 0.629 0.077 0.665 0.107 0.547
Cefepime 0.119 0.450 0.088 0.552 0.098 0.520 0.086 0.560 0.113 0.464
Piperacillin–T. 0.065 0.077 0.070 0.030 0.071 0.042 0.073 0.000 0.076 0.088
Tobramycin 0.123 0.180 0.129 0.048 0.135 0.165 0.126 0.031 0.130 0.240

K. pneumoniae Ciprofloxacin 0.143 0.304 0.149 0.284 0.130 0.373 0.131 0.235 0.140 0.304
Ceftriaxone 0.093 0.388 0.070 0.547 0.068 0.589 0.066 0.537 0.075 0.566
Cefepime 0.082 0.387 0.075 0.462 0.065 0.532 0.070 0.429 0.075 0.488
Meropenem 0.016 0.357 0.020 0.000 0.021 0.000 0.019 0.000 0.014 0.273
Tobramycin 0.086 0.226 0.084 0.299 0.086 0.310 0.077 0.228 0.089 0.354

S. aureus Ciprofloxacin 0.110 0.333 0.106 0.364 0.133 0.306 0.118 0.407 0.126 0.379
Fusidic acid 0.061 0.085 0.064 0.000 0.066 0.000 0.059 0.000 0.059 0.185
Oxacillin 0.088 0.605 0.085 0.610 0.075 0.635 0.061 0.720 0.088 0.599
Ceftriaxone 0.089 0.594 0.085 0.608 0.076 0.638 0.059 0.733 0.084 0.623
Clindamycin 0.112 0.275 0.127 0.118 0.135 0.142 0.141 0.197 0.147 0.191

Fig. 4  Test set AUROC and 
AUPRC results
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ability for most antibiotics under study, with AUROC values ranging from 0.804 to 0.947 and particularly strong 
results for Ceftriaxone and Cefepime (AUPRC up to 0.901, Fig. 5). Performance is comparatively lower for 
Piperacillin–Tazobactam and Tobramycin (AUPRC 0.306 and 0.525 respectively), reflecting greater class imbal-
ance with in near zero Jaccard Indecies. For K. pneumoniae, the model maintained robust performance, especially 
for Ceftriaxone and cefepime (AUROC ≥ 0.933 and AUPRC ≥ 0.759), while Meropenem showed the highest 
AUROC (0.963) but lower AUPRC (0.598), suggesting reliable ranking but challenges in positive class preci-
sion. In the case of S. aureus, the strongest results are observed for Oxacillin (AUROC 0.955) and Ceftriaxone 
(AUROC 0.964) and AUPRC of 0.929 and 0.917, highlighting the model’s effectiveness in capturing clinically 
relevant resistance patterns such as MRSA. In this way, across all bacteria–antibiotic combinations, low Ham-
ming loss values (ranging from 0.059 to 0.141) and moderate to high Jaccard indices further support the stability 
of the multi-label predictions, reinforcing the suitability of the proposed approach for multi-bacteria antimicro-
bial resistance modeling (Table 5).

3.3.3  kNN Label Propagation (MLMBC kLP)

Label propagation was applied independently per species and antibiotic combination using a k-nearest-neighbour 
graph with k = 5, iterating until convergence. A combination was eligible for propagation only if both resistance 
classes (susceptible and resistant) were represented among the known labels; combinations absent from the data-
set such as E. coli - Meropenem or K. pneumoniae - Piperacillin-Tazobactam were skipped.

Before propagation, the training set contained 38,143 missing labels of which 863 entries belonged to eligible 
bacteria - antibiotic combinations, i.e. combinations that are observed in the dataset. The largest propagation 
batches per species were 414 instances for E. coli, 352 for S. aureus, and 97 for K. pneumoniae. As such, propa-
gation achieved complete coverage for every applicable combination in all 14 bacteria - scpecies combinations, 
meaning every unlabeled instance within an applicable subgraph received a label.

Compared to SBC, MLMBC kLP shows consistent AUROC gains across all bacteria and antibiotics, with the 
largest improvement for K. pneumoniae - Meropenem with AUROC value from 0.83 to 0.952 and AUPRC from 
0.20 to 0.483. Compared to the MLMBC, the most notable gains are for S. aureus - Fusidic acid with AUPRC 
score from 0.17 to 0.314, where kNN label propagation is the only semi-supervised method to recover non-zero 
Jaccard scores (0.18 vs. 0.00 for Self-Training and Pseudo-Labeling), and S. aureus - Ciprofloxacin (AUROC: 
0.801 to 0.861).

Fig. 5  Heatmap comparison of MLMBC PL with SBC baseline on the DRIAMS-A dataset.(a) Difference in AUROC (∆
AUROC) and (b) difference in AUPRC (∆AUPRC) for each bacteria-antibiotic combination
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3.4  Comparative analysis

To analyze whether there are significant differences among the models, we applied the Friedman test with Iman-
Davenport correction [55], consequently employing Nemenyi post-hoc test with significance of 5%  [56]. The 
Friedman test shows whether the measured average ranks are significantly different from the mean (Rj = 4) for 
both AUROC and AUPRC expected under the null hypothesis.

The Friedman test statistic is computed as:

	
χ2

F = 12n

k(k + 1)


∑

j

R2
j − k(k + 1)2

4


� (4)

The Iman-Davenport correction adjusts the statistic using the F -distribution:

	
FF = (n − 1)χ2

F

n(k − 1) − χ2
F

� (5)

where:

	● n = 9 (number of datasets = bacteria-antibiotic pairs),
	● k = 7 (number of models = SBC, MLC, MBC, MLMBC, MLMBC ST, MLMBC PL, MLMBC kLP),
	● Rj  is the average rank of model j, the complete ranking results are available in the Supplementary Material 
(Table S3).FF  is distributed according to the F distribution with 7 − 1 = 6 and (7 − 1) × (9 − 1) = 48 degrees 
of freedom. The p values computed by using the F(6; 48) distribution are highly significant (p < 0.001) for both 
AUROC and AUPRC. The null hypothesis is rejected. Hence, we can proceed with a Nemenyi post-hoc test.
As shown in Table 6, no statistically significant differences are observed among the baseline approaches SBC, 

MLC, and MBC for either AUROC or AUPRC scores (all p > 0.05). This indicates comparable performance 
across them.

The results show that for AUROC scores, MLMBC PL demonstrates statistically significant improvements 
over SBC (p <0.001), MLC (p < 0.001, and MBC (p < 0.001, while no significant difference is observed between 
MLMBC PL and MLMBC and MLMBC ST or MLMBC kLP. MLMBC ST differs significantly from MLC (p 
= 0.026). Notably, MLMBC kLP also reaches significance against MLC (p = 0.043), but not against the other 
methods.

For the AUPRC scores, MLMBC PL again significantly outperforms SBC (p = 0.001), MLC (p < 0.001), MBC 
(p = 0.001), while its difference from MLMBC sits exactly at the threshold (p = 0.050). MLMBC kLP does not 
reach statistical significance against any method for AUPRC. The pairs MLMBC ST vs. MLMBC and MLMBC 
ST vs. MLMBC kLP also show no significant difference.

Overall, these findings show that although the baseline models (SBC, MLC, MBC) have comparable per-
formance, the proposed MLMBC-based methods - especially MLMBC PL, reliably obtain higher rankings on 
both AUROC and AUPRC scores. These improvements are statistically significant for all baseline models and 
MLMBC.

3.5  Transfer learning

The MLMBC PL model was evaluated under four transfer learning strategies: zero-shot, training on local data, 
freezing convolutional layers (i.e. freezing the weights of the four convolutional layers), and warm start fine-
tuning across the DRIAMS-B-C-D datasets to assess robustness under domain shift.

On DRIAMS-B, the model demonstrates strong transferability across all strategies, with warm-start fine-tuning 
consistently achieving the best overall performance. For E. coli the highest AUROC values are for Ciprofloxacin 
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(0.94) and Ceftriaxone (0.92), also outperforming other strategies for Cefepime and Piperacillin–Tazobactam. 
Notably, the zero-shot approach remains competitive, particularly for E. coli, achieving AUROC values of 0.92 
for Ciprofloxacin and 0.85 for Ceftriaxone, indicating substantial generalization capacity of the pre-trained 
MLMBC PL model. For K. pneumoniae the warm start clearly dominates, with AUROC of 0.83 for Ciprofloxa-
cin and 0.73 for both Ceftriaxone and Cefepime. Similarly, the predictions for S. aureus warm start achieve the 
best AUROC of 0.93 for Ciprofloxacin and 0.91 for Oxacillin. Overall, the strong and consistent advantage of 
warm start on DRIAMS-B likely reflects the availability of sufficient target-domain samples to enable effective 
fine-tuning while retaining informative pre-trained feature representations.

DRIAMS-C results highlight the challenges associated with transfer leaning to both relatively small dataset 
size and class imbalance with extreme susceptible/resistant ratios. As such, for S. aureus, susceptible isolates 
dominate at up to 97% for Fusidic acid, 96% for Ciprofloxacin, and 94% for Oxacillin (Table 1), limiting the 
fine-tuned model’s ability to predict the Resistant class. Hence, zero-shot consistently outperforms all fine-tuning 
strategies for Ciprofloxacin (AUROC 0.81) and Oxacillin (0.65), because the fine-tuning becomes prone to over-
fit the small dataset used for training in the target domain. In contrast, E. coli and K. pneumoniae are relatively 
less imbalanced, yielding freezing convolutional layers and warm-start fine-tuning to have higher AUROC than 
zero-shot. This suggests that partial adaptation remains beneficial when class representation is adequate. Specifi-
cally, for K. pneumoniae with fewer samples - freezing convolutional layers achieves the highest AUROC for 
Cefepime (0.77) and Ceftriaxone (0.68), outperforming both warm start and local retraining. Overall results sug-
gest that preserving pre-trained spectral feature extractors while adapting only higher-level decision layers helps 
mitigate overfitting when target data are scarce.

DRIAMS-D shows varying performance across the different strategies, with outcomes depending on the spe-
cific bacteria–antibiotic combination and its class imbalance representation. For E. coli, warm start and fine-
tuning strategies outperform zero-shot overall with the best results Ceftriaxone (AUROC 0.82 across trained, 
freezing and warm start) and Cefepime (AUROC 0.89 warm start). Piperacillin-Tazobactam remains low across 
all strategies with its 95/5 susceptible-resistant class ratio (Table 1). Predictions for K. pneumoniae with high class 
imbalance ranging from 92% up to 100% of susceptible strains per antibiotic yields to highest AUROC of 0.62 
(zero-shot for Ceftriaxone). Notably, the difference between all transfer learning strategies for K. pneumoniae is 
generally small. This suggests that data quantity and class representation together constitute the primary limiting 
factors rather than the choice of transfer learning strategy. Evaluations for S. aureus are limited to Ciprofloxacin 
(94% susceptible strains), where warm start fine-tuning achieves the highest AUROC (0.77). Overall, DRIAMS-
D demonstrates the challenges of severely limited resistant-class representation.

Overall, these findings show that antimicrobial resistance prediction models can be effectively transferred 
across diverse clinical environments, although performance is highly sensitive to both dataset composition, label-
ing density and class imbalance representation. The final results are shown in Tables 7.

3.6  Analysis of significant peaks by using shap values

To ensure algorithmic transparency and clinical relevance of the MLMBC PL model predictions, an interpret-
ability analysis was performed using SHAP values. This analysis identifies which peaks in the mass-to-charge 
ratio (m/z) have the greatest impact on resistance prediction for each combination of bacteria and antibiotic. The 
beeswarm plots and detailed tables mentioned in this section are available in the Supplementary Material (Figure 
S1,S2,S3 and Table S2, respectively).

The DeepExplainer analysis revealed consistent proteomic patterns that the model uses to differentiate between 
resistant and susceptible strains. The beeswarm plots demonstrate that certain m/z peaks act as global markers in 
the multi-bacteria setting. Specifically, the 2,135 Da and 2,066 Da peaks emerge as the features with the greatest 
impact on prediction for broad-spectrum antibiotics such as Ciprofloxacin, Ceftriaxone, and Cefepime in all spe-
cies studied (Table S2).
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When contrasting these results with those reported by Weis et al. [32] key methodological and biological diver-
gences are identified: while Weis’ model for the E. coli - Cefepime combination highlights high mass peaks in the 
ranges of 11,780-11,783 Da and 8,450-8,453 Da, our MLMBC PL model prioritises proteomic signatures in the 
lower range (2,135 Da and 2,066 Da). This difference suggests that the multi-bacterial approach captures smaller 
and possibly more evolutionarily conserved patterns across genera. There is convergence in the detection of Oxa-
cillin (S. aureus), where both studies identify the 2,855 Da peak as a critical feature. However, in the MLMBC PL 
model, this marker is integrated into a hierarchy of importance shared with other species, reinforcing the robust-
ness of multi-label learning. These variations are attributed to the use of extended CNNs in our work, which learn 
abstract representations of the raw spectra, unlike the LightGBM- or MLP-based models used in previous studies 
that are optimised for individual pathogen-antibiotic pairs.

Table 7  MLMBC PL performance comparison across different transfer learning strategies on DRIAMS-B, C and D datasets
Set Bacteria Antibiotic Zero-shot Trained on local data Freezing conv. layers Warm start

AUROC AUPRC AUROC AUPRC AUROC AUPRC AUROC AUPRC
B E. coli Ciprofloxacin 0.92 0.90 0.90 0.88 0.92 0.90 0.94 0.93

Ceftriaxone 0.85 0.78 0.90 0.82 0.91 0.85 0.92 0.86
Ceftriaxone (baseline) 0.80 0.54 0.74 0.50 0.77 0.53 0.94 0.75
Cefepime 0.86 0.80 0.91 0.87 0.92 0.88 0.93 0.89
Piperacillin-T. 0.52 0.41 0.88 0.85 0.88 0.83 0.91 0.85

K. pneumoniae Ciprofloxacin 0.63 0.23 0.75 0.27 0.65 0.21 0.83 0.57
Ceftriaxone 0.41 0.18 0.50 0.15 0.62 0.22 0.73 0.25
Ceftriaxone (baseline) 0.36 0.10 0.44 0.32 0.35 0.15 0.57 0.35
Cefepime 0.41 0.18 0.46 0.15 0.61 0.22 0.73 0.25

S. aureus Ciprofloxacin 0.80 0.55 0.91 0.61 0.90 0.62 0.93 0.69
Fusidic acid 0.48 0.12 0.47 0.06 0.46 0.06 0.32 0.05
Oxacillin 0.94 0.52 0.90 0.55 0.91 0.50 0.91 0.52
Oxacillin (baseline) 0.72 0.18 0.68 0.39 0.72 0.18 0.79 0.27
Clindamycin 0.53 0.28 0.52 0.29 0.47 0.32 0.55 0.30

C E. coli Ciprofloxacin 0.65 0.49 0.71 0.55 0.73 0.59 0.71 0.54
Ceftriaxone 0.58 0.31 0.72 0.50 0.68 0.44 0.72 0.45
Ceftriaxone (baseline) 0.52 0.23 0.73 0.42 0.51 0.22 0.74 0.46
Cefepime 0.58 0.32 0.75 0.58 0.74 0.58 0.77 0.57
Piperacillin-T. 0.28 0.07 0.50 0.10 0.55 0.12 0.53 0.11

K. pneumoniae Ciprofloxacin 0.55 0.15 0.67 0.32 0.71 0.37 0.68 0.41
Ceftriaxone 0.50 0.13 0.68 0.26 0.68 0.32 0.67 0.29
Ceftriaxone (baseline) 0.49 0.14 0.59 0.32 0.48 0.14 0.51 0.16
Cefepime 0.34 0.23 0.74 0.64 0.77 0.66 0.75 0.65

S. aureus Ciprofloxacin 0.81 0.58 0.66 0.49 0.72 0.54 0.62 0.34
Fusidic acid 0.26 0.02 0.31 0.02 0.50 0.03 0.41 0.03
Oxacillin 0.65 0.14 0.60 0.11 0.54 0.09 0.60 0.10
Oxacillin (baseline) 0.68 0.14 0.65 0.08 0.68 0.14 0.78 0.30
Clindamycin 0.54 0.17 0.71 0.28 0.69 0.24 0.70 0.24

D E. coli Ciprofloxacin 0.65 0.44 0.69 0.54 0.70 0.54 0.68 0.52
Ceftriaxone 0.78 0.58 0.82 0.66 0.82 0.60 0.82 0.63
Ceftriaxone (baseline) 0.75 0.42 0.76 0.44 0.73 0.40 0.76 0.57
Cefepime 0.84 0.59 0.88 0.65 0.87 0.58 0.89 0.67
Piperacillin-T. 0.60 0.08 0.61 0.09 0.61 0.10 0.66 0.15

K. pneumoniae Ciprofloxacin 0.56 0.11 0.58 0.12 0.57 0.12 0.52 0.09
Ceftriaxone 0.62 0.31 0.58 0.27 0.58 0.29 0.55 0.24
Ceftriaxone (baseline) 0.61 0.20 0.54 0.15 0.59 0.20 0.65 0.16
Cefepime 0.61 0.30 0.58 0.27 0.57 0.28 0.55 0.24

S. aureus Ciprofloxacin 0.73 0.28 0.73 0.36 0.73 0.35 0.77 0.35
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4  Discussion

The objective of this research was to explore and improve the performance of antimicrobial resistance prediction 
models (MSDeepAMR) by applying different multi-label approaches and domain adaptation techniques. The 
study aimed to evaluate whether a multi-label approach could enhance model accuracy across various bacteria 
and antibiotics. For these purposes, mass spectrometry data from the DRIAMS-A and DRIAMS-B-C-D datasets 
have been used. The initial proposed models included single bacteria-specific models (multi-label classification 
per bacteria), models focusing on individual antibiotics (multi-bacteria classification per antibiotic) and multi-
label models for multiple bacteria. Subsequently, semi-supervised learning techniques and transfer learning were 
incorporated.

In detail, this research establishes a robust framework for enhancing AMR prediction by integrating advanced 
ML techniques into the MSDeepAMR model, applied to MALDI-TOF data. By employing multi-label classifica-
tion approaches, the study effectively modeled resistance to multiple antibiotics across various bacterial species, 
taking into account both, specific and general resistance patterns. Multi-bacteria and multi-antibiotic strategies 
demonstrated the ability to adapt to complex resistance profiles, achieving competitive performance in chal-
lenging combinations such as E.coli - Cefriaxone, K. pneumoniae - Ceftriaxone, and S. aureus - Cipropfloxacin. 
Additionally, the implementation of transfer learning techniques, such as warm-start training and freezing convo-
lutional layers, significantly improved the model’s ability to generalize across external datasets like DRIAMS-B-
C-D, outperforming baseline models in cross-domain scenarios.

A key advancement was addressing incomplete labels through the use of a masked binary cross-entropy loss 
function and semi-supervised learning techniques such as self-training and pseudo-labeling. These methods not 
only mitigated the impact of missing data but also enhanced AUROC and AUPRC scores, particularly for clini-
cally relevant antibiotics such as Ciprofloxacin and Ceftriaxone. The combination of these strategies resulted in 
a notable improvement in the robustness and accuracy of the model.

To assess the statistical significance of the model performance differences, the Nemenyi post-hoc test was 
performed following the Friedman test with Iman-Davenport correction. The results indicate that for AUROC, 
MLMBC PL performs significantly better than SBC, MLC and MBC (p < 0.001), and also significantly outper-
forms MLMBC (p < 0.005). This confirmes that pseudo-labelling performs better compared to supervised multi-
label multi-bacteria modelling alone. In addition, for AUPRC scores, MLMBC PL outperforms significantly 
SBC, MLC, MBC, MLMBC (p ≤ 0.05), confirming that these two approaches achieve higher performance (Table 
4). Notably, MLMBC PL consistently ranked as the top-performing method across both AUROC and AUPRC 
evaluations (Table 4, Fig. 4).

When comparing these results with previous benchmarks, the MLMBC PL model demonstrates superior per-
formance over both the MSDeepAMR baseline and the state-of-the-art results by Weis et al [32]. In terms of 
AUROC, the MLMBC PL model achieved scores of 0.945 for E. coli-Ceftriaxone and 0.963 for K. pneumoniae-
Meropenem, surpassing the MSDeepAMR [33] baseline (0.87 and 0.83, respectively) and the Weis et al. results 
(0.74 and 0.55, respectively).

Furthermore, the improvement is even more pronounced in the AUPRC metric, which is particularly relevant 
given the class imbalance present in AMR datasets. For E. coli-Ceftriaxone, the AUPRC increased from 0.30 
(Weis et al.) and 0.79 (MSDeepAMR) to a notable 0.901 with MLMBC PL. A similar trend is observed for K. 
pneumoniae-Meropenem, where the AUPRC jumped from 0.16 (Weis et al.) and 0.20 (MSDeepAMR) to 0.598. 
In the case of S. aureus-Oxacillin, the AUPRC reached 0.917, significantly outperforming the 0.49 reported by 
Weis et al. and the 0.85 of the baseline. These gains in precision-recall performance suggest that the integration 
of semi-supervised learning and multi-label bacterial classification strategies significantly enhances the model’s 
ability to extract relevant resistance patterns, providing a more robust and reliable tool for clinical decision sup-
port in multidrug-resistant scenarios.
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The state of the art in AMR prediction using MALDI-TOF MS has focused predominantly on the develop-
ment of specific models for individual pathogen and antibiotic combinations, using interpretability tools such 
as SHAP to identify specific, species-dependent resistance biomarkers [32, 33]. However, in this study, a cross-
species approach has been developed. In this context, the identification of the 2,135 Da and 2,066 Da peaks in 
our MLMBC PL model is of great scientific interest, as both showed a significant and consistent impact on the 
prediction of resistance across bacterial genera as diverse as E. coli, K. pneumoniae, and S. aureus. The interpret-
ability analysis of the MLMBC model based on SHAP values showed that the highest-ranking m/z peaks closely 
matched with those identified for the MLMBC PL model, with the five most influencial features being identical in 
both cases. Therefore, for the sake of clarity, we did not include the MLMBC model analysis in this paper. While 
traditional approaches optimise the search for peaks for a single species, the proposed multi-species framework 
allows the neural network to identify ‘global’ proteomic signatures that are transversal to different mechanisms 
of clinical resistance. The persistence of these low-mass peaks in the optimised model suggests that they could 
represent universal metabolic or structural changes in resistant strains, validating the hypothesis that an integrated 
model can uncover hidden biomarkers that isolated models often miss due to specificity bias. Investigating the 
protein identity of these shared peaks represents a promising avenue for the development of universal AMR diag-
nostics capable of detecting multidrug resistance independently of prior identification of the bacterial species.

From a clinical perspective, the increasing adoption of MALDI-TOF mass spectrometry in hospital settings 
highlights the relevance of optimizing artificial intelligence–based tools for antimicrobial resistance prediction, 
as models such as the one proposed in this study have the potential to be integrated into clinical workflows to 
support faster and more accurate diagnoses, timely selection of effective treatments, reduced mortality in critical 
cases, and more efficient use of hospital resources. However, some limitations should be considered: the proposed 
framework was evaluated on a limited number of datasets, which may constrain the generalizability of the results 
across different clinical environments and laboratory conditions, and the methodology has not yet been imple-
mented as a fully packaged and interoperable software solution, limiting its immediate deployment in routine 
practice. These aspects emphasize the need for further validation using multicenter datasets and for the develop-
ment of deployable clinical tools to enable real-time decision support.

5  Conclusion

In conclusion, this study introduces the antimicrobial resistance prediction by a novel multi-label, multi-bacteria 
framework perspective based on MALDI-TOF mass spectrometry data, enabling the simultaneous modeling 
of resistance across multiple antibiotics and clinically relevant bacterial species. The integration of multi-label 
learning, together with the potential of domain adaptation strategies, underscores the value of advanced machine 
learning methods for enhancing AMR prediction performance. Furthermore, the use of MALDI-TOF MS offers 
a rapid, scalable, and cost-effective alternative to whole-genome sequencing, facilitating timely and clinically 
actionable decision support within routine microbiology workflows. Overall, this work addresses a critical gap in 
current AMR research and establishes a robust foundation for future studies, including the integration of clinical 
data and the application of advanced techniques such as Domain Adversarial Neural Networks, thereby contribut-
ing to the broader effort to combat antimicrobial resistance in everyday clinical practice.

Out of the various extensions of MSDeepAMR tested in this study, it was found that MLMBC PL shows 
multiple advantages with respect to the state-of-the-art literature. First, a single model is trained for all bacteria-
antibiotic pairs, eliminating the need to train a separate model for each pair. Second, the classification accuracy 
was improved with respect to the one reported in previous studies, showing the advantage of training a single 
multi-task model rather than multiple separate ones, and of applying pseudo-labeling to leverage the missing 
labels in the training dataset. Third, the application of transfer learning showed competitive performance with 
data coming from different hospitals (DRIAMS-B-C-D).
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Future work will focus on expanding the framework through the incorporation of additional, multicenter 
MALDI-TOF datasets to improve generalizability and robustness, as well as on the development of a pack-
aged and interoperable software platform that can be seamlessly integrated into existing clinical and laboratory 
information systems, thereby supporting real-time decision-making and advancing the adoption of personalized 
antimicrobial therapy in clinical practice.
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