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Abstract

Background: Diagnostic microbiology faces persistent challenges in rapid pathogen identification and antimicrobial resistance de-
tection, with traditional methods requiring extensive time and specialized expertise. Deep learning technologies offer transformative 
potential for addressing these limitations through automated, high-accuracy diagnostic systems.

Objective: This review examines the application of deep learning architectures in diagnostic microbiology, focusing on automated 
detection and classification of bacterial, parasitic, and viral infectious agents.

Methods: A comprehensive literature review was conducted examining peer-reviewed publications from 2020-2025 focusing on 
convolutional neural networks (CNNs), transformer models, and other deep learning approaches in microbiological diagnostics.

Results: Deep learning models, particularly CNNs and transformer architectures, demonstrate exceptional performance in pathogen 
detection with accuracies exceeding 95% across multiple applications. CNN-based systems show remarkable success in bacterial 
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colony recognition, antimicrobial resistance prediction, and parasitic identification from microscopic images. Transformer models 
with attention mechanisms effectively process complex genomic sequences and microbiome data for pathogen prediction and dis-
ease diagnosis.

Conclusion: Deep learning represents a paradigm shift in diagnostic microbiology, offering rapid, accurate, and scalable solutions. 
However, challenges including data quality, model interpretability, and clinical validation remain critical considerations for wide-
spread implementation.

Keywords: Deep Learning; Diagnostic Microbiology; Convolutional Neural Networks; Pathogen Detection; Antimicrobial Resistance; 
Artificial Intelligence

Introduction

Infectious diseases remain a leading cause of global morbidity 
and mortality, necessitating rapid and accurate diagnostic methods 
for effective clinical management [1]. Traditional microbiological 
diagnostic approaches, including culture-based methods and 
microscopic examination, while established as gold standards, 
suffer from several limitations, including extended turnaround 
times, dependence on specialised expertise, and challenges in 
identifying fastidious or slow-growing organisms [2]. These 
constraints are particularly problematic in resource-limited 
settings and during outbreak scenarios where timely diagnosis is 
critical for patient outcomes and public health interventions [3].

The emergence of antimicrobial resistance (AMR) has further 
complicated the diagnostic landscape, creating urgent demand for 
rapid susceptibility testing methods [4]. Conventional antimicrobial 
susceptibility testing requires 24-72 hours for results, during 
which empirical therapy may be inappropriate, potentially 
contributing to treatment failure and resistance propagation [5]. 
Additionally, the global shortage of trained microbiologists and the 
increasing volume of clinical specimens place a substantial burden 
on laboratory services, often resulting in diagnostic delays and 
reduced quality assurance [6].

Artificial intelligence (AI), particularly deep learning (DL), 
has emerged as a transformative technology addressing 
these challenges. Deep learning, a subset of machine learning 
characterised by multi-layered neural networks capable of 
learning hierarchical data representations, has demonstrated 
remarkable success across diverse biomedical applications [7]. 
Unlike traditional machine learning approaches requiring manual 
feature engineering, deep learning models automatically extract 

relevant features from raw data, making them particularly suitable 
for complex microbiological image analysis and genomic data 
interpretation [8].

The application of deep learning in diagnostic microbiology 
encompasses multiple domains, including automated colony 
counting and classification, microscopic parasite detection, 
viral load prediction, antimicrobial resistance forecasting, and 
microbiome analysis [9,10]. Convolutional neural networks 
(CNNs), initially developed for computer vision tasks, have shown 
exceptional performance in analysing microscopic images of blood 
smears, culture plates, and tissue samples [11]. More recently, 
transformer-based architectures with self-attention mechanisms 
have demonstrated superior capabilities in processing sequential 
data, including genomic sequences and temporal infection patterns 
[12].

This review examines the current state of deep learning 
applications in diagnostic microbiology, focusing on automated 
detection and classification of infectious agents. We critically 
evaluate various deep learning architectures, their performance 
in different microbiological contexts, challenges impeding clinical 
translation, and future directions for advancing this field.

Deep learning architectures in microbiology

Convolutional neural networks (CNNs)

CNNs represent the most widely adopted deep learning 
architecture for microbiological image analysis. Their success 
stems from the ability to automatically learn spatial hierarchies of 
features through convolutional operations, pooling layers, and fully 
connected layers [13]. CNNs have been successfully implemented 
for bacterial colony recognition, achieving accuracies exceeding 
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99% in differentiating multiple genera, including Escherichia, 
Klebsiella, Pseudomonas, Staphylococcus, and Streptococcus from 
digital culture plate images [14].

Recent implementations demonstrate CNN effectiveness in real-
time bacterial identification from microscopic images. Kong., et al. 
(2025) evaluated eight CNN architectures for microbial colony 
classification using 48×48-pixel images, demonstrating that deep 
learning significantly outperforms traditional manual identification 
in both speed and accuracy [14]. The study highlighted the 
importance of appropriate data preprocessing and augmentation 
techniques in achieving optimal model performance.

Architecture Primary Applications Key Advantages Limitations Representative  
Performance

Convolutional Neural 
Networks (CNNs)

Bacterial colony rec-
ognition, antimicrobial 

resistance prediction, and 
microscopic image analy-

sis

Automatic spatial 
feature extraction, 

high accuracy in 
image-based tasks, 
and real-time pro-
cessing capability

Require large anno-
tated datasets, lim-
ited to spatial data, 

may miss long-range 
dependencies

Colony classification: >99% 
accuracy [14]; AMR predic-
tion: 82.6-99.5% AUC [15]; 
Gram stain analysis: >95% 

accuracy [33]

Transformer Models with 
Attention Mechanisms

Genomic sequence 
analysis, microbiome data 

processing, pathogen 
prediction

Capture long-range 
dependencies, 

parallel processing, 
and interpretable 
attention weights

High computational 
requirements, need 

substantial train-
ing data, complex 

architecture

Pathogen prediction: Im-
proved F1 scores vs. tradition-
al ML [20]; COVID-19 progres-

sion: Superior performance 
vs. baseline models [48]

Recurrent Neural Net-
works (RNN/LSTM/GRU)

Time-series infection data, 
longitudinal disease track-

ing, resistance evolution 
modelling

Temporal depen-
dency modelling, 
sequential pat-

tern recognition, 
memory of previous 

states

Vanishing gradient 
problem, slower 

training, difficulty 
with very long se-

quences

Infectious disease forecasting: 
Varies by application [22]; 

Time-series prediction accu-
racy depends on data quality 

and sequence length

Hybrid Architectures 
(CNN-RNN, Inception-
Capsule)

Complex diagnostic tasks, 
antimicrobial resistance 
prediction, and malaria 

classification

Leverage comple-
mentary strengths, 

enhanced per-
formance, and 

multi-modal data 
integration

Increased complex-
ity, higher computa-
tional cost, and more 
difficult to interpret

Malaria classification: 97.68-
99.51% accuracy [38,41]; 

AMR prediction with ensem-
ble methods shows improved 

sensitivity [23]

Table 1: Comparison of Deep Learning Architectures in Microbiological Applications.

Sources: Adapted from references [14,15,20,22,23,33,38,41,48].

For antimicrobial resistance prediction, CNNs have shown 
remarkable capabilities in analysing whole genome sequencing 
data. Green., et al. (2022) developed multi-drug and single-drug 
CNNs for Mycobacterium tuberculosis antimicrobial resistance 
prediction, achieving AUCs ranging from 82.6-99.5% across 13 
antibiotics [15]. The models not only demonstrated superior 
sensitivity compared to traditional rule-based methods but also 
identified 18 novel genomic sites associated with resistance 
through saliency analysis, illustrating the potential for deep 
learning to contribute to the mechanistic understanding of 
resistance [15]. Table 1 shows the comparison of deep learning 
architectures in microbiological applications.

Transformer models and attention mechanisms

Transformer architectures, characterised by self-attention 
mechanisms that enable models to weigh the importance of 

different input elements, have recently gained prominence in 
microbiological applications [16]. Unlike CNNs that process 
data sequentially, transformers can attend to all positions 
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simultaneously, making them particularly effective for analysing 
genomic sequences and microbiome data [17].

Choi and Lee (2023) provided a comprehensive review of 
transformer architecture applications in genome data analysis, 
highlighting their advantages in encoding long-range dependencies 
and processing large-scale sequential biological data [18]. 
The self-attention mechanism allows these models to identify 
relevant patterns regardless of their position in the sequence, a 
critical capability for detecting genomic markers of virulence and 
resistance that may be distributed across multiple loci [19].

In pathogen prediction applications, transformer models have 
demonstrated superior performance compared to traditional 
machine learning approaches. A study by Muyyarikkandy., et 
al. (2024) applied transformer-based models with attention 
mechanisms for pathogen presence prediction in poultry farming, 
achieving improved F1 scores through integration of microbiome 
data with farm management practices [20]. The attention matrix 
analysis revealed which microbial features contributed most 
significantly to pathogen risk, providing interpretable insights 
valuable for implementing targeted interventions [20].

Recurrent neural networks and hybrid architectures

Recurrent neural networks (RNNs), particularly Long Short-
Term Memory (LSTM) and Gated Recurrent Unit (GRU) variants, 
excel in processing time-series data and sequential information 
[21]. These architectures maintain hidden states that capture 
temporal dependencies, making them suitable for analysing 
longitudinal infection data, predicting disease progression, and 
modelling antibiotic resistance evolution [22].

Hybrid architectures combining multiple deep learning 
approaches have shown enhanced performance in complex 
microbiological tasks. Li., et al. (2024) described ensemble 
methods integrating CNNs for spatial feature extraction with 
RNNs for temporal pattern recognition in antimicrobial resistance 
prediction, demonstrating that such combinations leverage 
complementary strengths of different architectures [23]. Similarly, 
inception-based capsule networks combining CNN feature 
extraction with dynamic routing mechanisms have achieved 
superior performance in malaria parasite classification compared 
to standalone architectures [24].

Applications in bacterial diagnostics

Bacterial colony recognition and counting

Automated bacterial colony recognition represents one of 
the most mature applications of deep learning in diagnostic 
microbiology. Traditional manual colony counting is labour-
intensive, subjective, and prone to inter-operator variability, 
particularly with high colony densities or mixed bacterial 
populations [25]. Deep learning approaches address these 
limitations through consistent, rapid, and accurate automated 
analysis.

Digital microbiology platforms incorporating CNN-based colony 
recognition have been validated across multiple bacterial species 
and culture media types [26]. These systems typically employ 
a multi-stage pipeline: image acquisition using standardised 
protocols, preprocessing for illumination normalisation and noise 
reduction, colony detection through object detection algorithms, 
and classification using trained CNN models [14]. Recent 
implementations achieve real-time processing, with individual 
plate analysis completed within seconds [26].

The clinical utility extends beyond simple counting to 
include bacterial genus and species prediction based on colonial 
morphology. While morphological similarity among certain 
species presents challenges, ensemble CNN approaches combining 
multiple models have demonstrated improved differentiation, 
particularly when incorporating additional metadata such as 
culture medium type and patient demographics [14,27].

Antimicrobial resistance prediction

Predicting antimicrobial resistance from genomic data 
represents a critical application with significant clinical and public 
health implications. Deep learning models can identify complex, 
multi-locus resistance patterns that traditional association rule-
based methods may miss [28]. CNNs applied to whole genome 
sequencing data have achieved state-of-the-art performance in 
predicting resistance to multiple antibiotic classes [29].

Ren., et al. (2022) compared logistic regression, support 
vector machines, random forests, and CNNs for AMR prediction, 
demonstrating that CNNs with frequency matrix chaos game 
representation (FCGR) encoding achieved AUCs up to 0.96 for 
ciprofloxacin, cefotaxime, ceftazidime, and gentamicin resistance 
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prediction [30]. The FCGR encoding transforms genomic sequences 
into 2D images that CNNs can process effectively, preserving 
sequence information while enabling application of computer 

Model Type Organism(s) Antibiotics Evaluated Performance 
Metrics Key Findings and Reference

Convolutional Neural 
Network (CNN)

Mycobacterium 
tuberculosis

13 antibiotics, including 
rifampicin, isoniazid, 

ethambutol, and pyrazin-
amide

AUC: 82.6-99.5% 
across antibiotics; 
Sensitivity supe-

rior to rule-based 
methods

Identified 18 novel genomic 
sites associated with resistance 
through saliency analysis; dem-
onstrated mechanistic insights 

beyond prediction [15]
CNN with FCGR encoding Multiple bacterial 

pathogens
Ciprofloxacin, cefo-
taxime, ceftazidime, 

gentamicin

AUC up to 0.96 for 
multiple antibiotics

FCGR encoding transforms ge-
nomic sequences into 2D images, 
enabling computer vision tech-
niques; it outperformed logistic 

regression, SVM, and random 
forests [30]

Machine Learning on 
mNGS data

Acinetobacter 
baumannii

Multiple antibiotics 
for rapid susceptibility 

testing

Rapid prediction 
directly from clini-

cal specimens

Enables antimicrobial suscepti-
bility testing, bypassing culture-

based methods; particularly valu-
able in sepsis scenarios [29,31]

Multi-drug and single-
drug CNN ensemble

Various bacterial 
pathogens

Multiple antibiotic 
classes

Improved sensitiv-
ity and specific-

ity vs. traditional 
methods

Ensemble approaches combining 
CNNs with RNNs leverage comple-

mentary strengths; identifies 
complex multi-locus resistance 

patterns (23)
Deep learning on whole 
genome sequencing

Tuberculosis and 
other bacteria

Various antibiotics, de-
pending on the organism

Accuracy and AUC 
are superior to 

traditional asso-
ciation rule-based 

methods

Can identify complex resistance 
patterns missed by traditional 

methods; integration with clinical 
metadata enhances performance 

[28,29]

 Table 2: Performance Metrics of Deep Learning Models for Antimicrobial Resistance Prediction.

vision techniques [30]. Table 2 presents the performance metrics 
of deep learning models for antimicrobial resistance prediction.

Machine learning models trained on metagenomic next-
generation sequencing data have enabled rapid antimicrobial 
susceptibility testing directly from clinical specimens, bypassing 
traditional culture-based methods [31]. These approaches show 
particular promise for fastidious organisms and in sepsis scenarios 
where every hour of appropriate therapy affects mortality [32].

Gram staining and microscopic analysis

Deep learning applications in automated Gram stain 
interpretation demonstrate high accuracy in differentiating Gram-
positive and Gram-negative bacteria from microscopic images [33]. 

These systems employ CNNs trained on large datasets of annotated 
microscopy images, learning to recognise the distinctive purple 
(Gram-positive) and pink (Gram-negative) staining patterns, 
as well as bacterial morphology including cocci, bacilli, and 
spirochetes [34].

Beyond binary classification, advanced models provide 
additional diagnostic information, including bacterial quantity 
estimation, cellular debris identification, and quality assessment 
of specimen adequacy [35]. Integration with digital microscopy 
platforms enables automated preliminary reporting, allowing 
microbiologists to focus on complex cases requiring expert 
interpretation [33].
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Applications in parasitic disease diagnosis

Malaria parasite detection and species classification

Malaria remains a major global health burden, with microscopic 
examination of blood smears serving as the diagnostic gold standard 
[36]. However, manual microscopy is time-consuming, requires 
extensive training, and suffers from inter-observer variability, 
particularly in low-parasitemia cases or when differentiating 
Plasmodium species [37].

Deep learning approaches have demonstrated exceptional 
performance in automated malaria detection from thin and thick 
blood smears. Recent studies report accuracies exceeding 97-99% 
for detecting parasitised red blood cells [38-40]. Dev., et al. (2024) 
developed hybrid deep learning frameworks combining multiple 
CNN architectures, achieving 97.68% accuracy in distinguishing 
parasitised from uninfected cells using the NIH Malaria dataset 
[38]. The model’s performance approached or exceeded that of 
experienced microscopists while providing results in seconds [38].

Species-level classification presents greater challenges due to 
morphological similarities among Plasmodium species, particularly 
between P. vivax and P. ovale, or among different P. falciparum 
developmental stages [41]. Addressing this challenge, Caracas., et 
al. (2025) developed a seven-channel input CNN achieving 99.51% 
accuracy in classifying cells infected with P. falciparum, P. vivax, 
and uninfected white blood cells from thick blood smears [41]. 
The model successfully identified multiple parasite developmental 
stages, including rings, trophozoites, schizonts, and gametocytes 
[41].

Beyond binary classification, advanced systems provide 
quantitative parasitemia estimation and differentiate parasite 
developmental stages, information critical for assessing disease 
severity and monitoring treatment response [42]. Li., et al. (2023) 
implemented the YOLOv7 architecture for real-time malaria 
parasite detection and classification in thin blood smears, achieving 
high sensitivity and specificity across multiple Plasmodium species 
while maintaining processing speeds suitable for point-of-care 
applications [43].

Smartphone-based implementations represent a significant 
advancement for resource-limited settings. Deep learning models 
optimised for mobile deployment enable automated malaria 
screening using smartphones attached to standard microscopes 
[44]. Rahman., et al. (2020) demonstrated that knowledge 
distillation techniques can compress sophisticated CNN models 
to require only 4,600 floating-point operations while maintaining 
99.23% accuracy, enabling real-time inference on mobile devices 
[44]. Such systems show promise for extending diagnostic 
capabilities to remote areas lacking access to specialised laboratory 
infrastructure [44].

Other parasitic infections

Deep learning applications extend to detecting other parasitic 
infections, including helminthic and protozoal diseases. CNNs 
trained on microscopic images of stool samples demonstrate high 
accuracy in identifying Giardia, Cryptosporidium, Entamoeba, and 
helminth ova [45]. These automated systems offer consistency 
in identification, particularly valuable in settings with limited 
parasitology expertise [45].

For vector-borne diseases beyond malaria, deep learning 
models show promise in automated diagnosis of trypanosomiasis 
and leishmaniasis from blood or tissue samples [46]. The ability 
to integrate morphological features with additional diagnostic 
parameters, including patient demographics and geographic 
location, enhances model performance and clinical utility [46]. 
Table 3 highlights the deep learning applications in parasitic 
disease diagnosis.

Applications in viral pathogen detection

COVID-19 and respiratory virus detection

The COVID-19 pandemic accelerated the development and 
deployment of AI-based diagnostic tools. Deep learning models 
have been applied to multiple aspects of SARS-CoV-2 detection 
and management, including RT-PCR result optimisation, chest 
imaging interpretation, and clinical progression prediction [47]. Figure 1: Automated Malaria Parasite Detection Pipeline Using 

Convolutional Neural Networks [38,41,43].
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Target Parasite 
(s) Sample Type Model Architec-

ture
Performance 

Metrics
Deployment 

Platform
Clinical Utility and 

Reference
Plasmodium spp. 
(malaria)

Thin and thick 
blood smears

Hybrid CNN 
architectures

97.68% accuracy 
in parasitised vs. 

uninfected cell 
classification

Laboratory-based 
digital micros-
copy systems

Performance approaches 
experienced microsco-
pists while providing 

results in seconds; suit-
able for high-throughput 

screening [38]
P. falciparum, P. 
vivax differentia-
tion

Thick blood 
smears

Seven-channel 
input CNN

99.51% accuracy 
in species classifi-
cation; identifies 
developmental 
stages (rings, 
trophozoites, 

schizonts, game-
tocytes)

Laboratory digital 
microscopy

Enables species-level 
diagnosis critical for 

treatment selection and 
disease severity assess-

ment [41]

Multiple Plasmo-
dium species

Thin blood 
smears

YOLOv7 architec-
ture

High sensitivity 
and specificity; 

real-time process-
ing suitable for 
point-of-care

Point-of-care 
devices

Real-time detection and 
classification enable rapid 

diagnosis in clinical set-
tings; quantitative para-
sitemia estimation [43]

Plasmodium spp. Blood smears Optimized CNN 
with knowledge 

distillation

99.23% accuracy 
with only 4,600 

floating point 
operations; real-
time inference on 

mobile devices

Smartphone-
attached micro-

scopes

Extends diagnostic 
capabilities to remote 

areas lacking specialized 
laboratory infrastructure; 
addresses resource-limit-

ed settings [44]
Giardia, Crypto-
sporidium, Ent-
amoeba, helminth 
ova

Stool samples 
(microscopic im-

ages)

CNNs trained on 
annotated micros-

copy images

High accuracy 
in identification; 
consistent per-

formance across 
parasite types

Laboratory mi-
croscopy systems

Provides consistency in 
identification particu-

larly valuable in settings 
with limited parasitology 

expertise [45]
Trypanosomes, 
Leishmania

Blood or tissue 
samples

CNNs with inte-
grated clinical 

metadata

Enhanced per-
formance with 

integration of de-
mographics and 
geographic data

Laboratory sys-
tems with clinical 
decision support

Integration of morpholog-
ical features with epide-

miological data enhances 
diagnostic accuracy and 

clinical utility [46]

 Table 3: Deep Learning Applications in Parasitic Disease Diagnosis.

Transformer-based models trained on electronic health records 
demonstrated superior performance in predicting severe COVID-19 
progression, enabling early intervention for high-risk patients [48].

Beyond SARS-CoV-2, deep learning applications extend to other 
respiratory viruses including influenza, respiratory syncytial virus, 
and endemic human coronaviruses [49]. CNN-based image analysis 

of viral culture plates and immunofluorescence assays automates 
virus identification and quantification, reducing turnaround time 
and labour requirements [49].

Viral load prediction and genotyping

Deep learning models have shown capability in predicting 
viral loads from genomic sequence data and clinical parameters, 
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particularly relevant for HIV, hepatitis B, and hepatitis C 
management [50]. Integration of viral genotype information with 
patient clinical data enables personalized prediction of treatment 
response and resistance development [50].

For rapidly evolving viruses, neural networks trained on 
genomic sequences can identify novel variants and predict their 
phenotypic characteristics including transmissibility and virulence 
[51]. Such capabilities prove invaluable for pandemic preparedness 
and response, enabling rapid risk assessment of emerging viral 
threats [51]. Figure 2 presents the transformer architecture for 
genomic sequence analysis in pathogen detection. 

Figure 2: Transformer Architecture for Genomic Sequence 
Analysis in Pathogen Detection [15,18-20].

Microbiome analysis and metagenomic applications

Deep learning in microbiome analysis

The human microbiome’s complexity presents substantial 
analytical challenges that deep learning approaches are well-suited 
to address [52]. Metagenomic datasets generate massive volumes 
of high-dimensional, compositional data requiring sophisticated 
analytical methods to extract meaningful biological insights [53].

Przymus., et al. (2024) provided comprehensive review of deep 
learning applications in microbiome research, highlighting various 

neural network models for taxonomic classification, functional 
annotation, and disease prediction based on microbiome 
composition [54]. These models successfully address challenges 
including reference catalogue limitations, data sparsity, and 
compositionality effects that confound traditional statistical 
approaches [54].

Transformer architectures with attention mechanisms 
demonstrate particular utility in microbiome analysis by capturing 
long-range dependencies between microbial taxa and identifying 
functionally important microbial communities [55]. Attention 
weights provide interpretable insights into which microbial 
features contribute most significantly to predictions, addressing 
the “black box” criticism often levelled at deep learning models 
[55].

Pathogen detection in complex microbial communities

Detecting pathogenic organisms within complex microbial 
communities presents significant challenges, particularly 
when pathogens comprise low proportions of total community 
composition [56]. Deep learning approaches leveraging both 
taxonomic and functional metagenomic data achieve improved 
sensitivity and specificity compared to traditional alignment-
based methods [57].

CNNs applied to metagenomic binning, the process of grouping 
metagenomic sequences into genome bins representing individual 
organisms, demonstrate superior performance in recovering 
metagenome-assembled genomes (MAGs) from complex samples 
[58]. Semi-supervised learning approaches incorporating both 
labelled and unlabelled data maximize utility of large metagenomic 
datasets where only small fractions have confirmed taxonomic 
assignments [58]. Figure 3 microbiome analysis using deep 
learning for pathogen detection in complex communities. 

Challenges and limitations

Data quality and availability

Despite remarkable progress, significant challenges impede 
widespread clinical implementation of deep learning in diagnostic 
microbiology. Data quality and availability represent primary 
obstacles [59]. Deep learning models require large, high-quality, 
annotated datasets for training, yet such datasets remain limited 
in microbiology compared to other medical imaging domains [60].
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Figure 3: Microbiome Analysis Using Deep Learning for Pathogen Detection in Complex Communities 
[20,54,55,58].

Label quality critically impacts model performance, yet manual 
annotation of microbiological images is time-consuming and subject 
to inter-annotator variability, particularly for morphologically 
similar organisms or rare species [61]. Standardization of image 
acquisition protocols, staining techniques, and culture conditions 
affects model generalizability, as models trained on images from 
one laboratory setting may perform poorly when applied to images 
acquired under different conditions [62].

Model interpretability and clinical trust

The “black box” nature of deep learning models raises concerns 
regarding clinical adoption [63]. Healthcare providers require 
understanding of how diagnostic decisions are made, particularly 
when such decisions guide critical treatment interventions [64]. 
While attention mechanisms and saliency mapping techniques 
provide some interpretability, translating these into clinically 
meaningful explanations remains challenging [65].

Concerns regarding model reliability in edge cases or when 
encountering novel organisms not represented in training data 
necessitate robust validation frameworks and clear guidelines 
for human oversight [66]. Regulatory frameworks for AI-based 
diagnostic devices continue evolving, with varying requirements 
across jurisdictions complicating global deployment [67]. Figure 4 
highlights the challenges and solutions in clinical Implementation 
of deep learning diagnostics.

Computational resources and implementation

Training sophisticated deep learning models requires substantial 
computational resources including specialized hardware (GPUs/
TPUs) and technical expertise [68]. While cloud-based solutions 
partially address these requirements, concerns regarding patient 
data privacy and regulatory compliance complicate adoption, 
particularly in healthcare settings [69].
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Figure 4: Challenges and Solutions in Clinical Implementation of Deep Learning Diagnostics [59-61,63,64,68].

Deployment in resource-limited settings faces additional 
challenges including unreliable electricity, limited internet 
connectivity, and absence of specialized hardware [70]. Model 
optimization techniques including quantization, pruning, and 
knowledge distillation enable deployment on edge devices and 
mobile platforms, though often with some performance trade-offs 
[44,71].

Future directions and emerging trends

Integration with laboratory information systems

Future implementations will increasingly integrate deep 
learning models directly within laboratory information systems 
(LIS) and electronic health records (EHR), enabling seamless 
automated preliminary reporting and clinical decision support 
[72]. Such integration facilitates combining microbiological 
findings with patient clinical data, medication history, and local 
resistance patterns for personalized treatment recommendations 
[73].

Multimodal learning approaches

Combining multiple data modalities, including microscopic 
images, genomic sequences, mass spectrometry profiles, and 
clinical metadata, through multimodal deep learning architectures 
promises enhanced diagnostic accuracy [74]. These approaches 
leverage complementary information from different sources, 
potentially identifying pathogens even when individual modalities 
provide ambiguous results [75].

Federated learning for collaborative model development

Federated learning enables collaborative model training 
across multiple institutions without sharing raw patient data, 
addressing privacy concerns while allowing models to learn from 
diverse populations and practice settings [76]. This approach 
could accelerate development of robust, generalizable models 
while maintaining compliance with data protection regulations 
[77]. Figure 5 shows the future directions in AI-driven diagnostic 
microbiology. 

66

Deep Learning in Diagnostic Microbiology: Automated Detection and Classification of Infectious Agents

Citation: Micheal Abimbola Oladosu., et al. “Deep Learning in Diagnostic Microbiology: Automated Detection and Classification of Infectious Agents". 
Acta Scientific Microbiology 9.3 (2026): 57-71.



Figure 5: Future Directions in AI-Driven Diagnostic Microbiology [72-78].

Explainable AI and clinical decision support

Continued development of explainable AI techniques specifically 
tailored for microbiological applications will enhance clinical trust 
and facilitate regulatory approval [78]. Integration of mechanistic 
knowledge from microbiology and immunology into model 
architectures, through physics-informed neural networks or hybrid 
models, may improve both performance and interpretability [79].

Conclusion

Deep learning has emerged as a transformative technology in 
diagnostic microbiology, demonstrating exceptional performance 
across bacterial, parasitic, and viral pathogen detection and 
classification. CNN-based approaches excel in image-based 
diagnostics including colony recognition, blood smear analysis, and 
culture plate interpretation, while transformer architectures show 
promise for genomic sequence analysis and microbiome studies. 
These technologies address critical limitations of traditional 

diagnostic methods including turnaround time, labour intensity, 
and dependence on specialized expertise.

However, significant challenges remain before widespread 
clinical implementation. Data quality and availability, model 
interpretability, computational requirements, and regulatory 
frameworks require continued attention. Future directions 
including multimodal learning, federated learning approaches, and 
explainable AI techniques offer pathways toward addressing these 
challenges.

As deep learning technologies mature and validation studies 
accumulate, their integration into routine diagnostic microbiology 
workflows appears increasingly inevitable. Success will require 
continued collaboration among microbiologists, computer 
scientists, clinicians, and regulatory bodies to ensure these 
powerful tools enhance rather than replace clinical expertise, 
ultimately improving patient outcomes through more rapid, 
accurate, and accessible infectious disease diagnostics.
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