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Abstract
Conventional microbial diagnostic techniques encounter considerable obstacles, such as prolonged 
turnaround times, labor-intensive protocols, and constraints in precision. To fix these problems and 
improve diagnostic capabilities, clinical microbiology is using more and more artificial intelligence 
(AI) technologies. To systematically evaluate the present applications, developments, and influence 
of artificial intelligence technologies in clinical and diagnostic microbiology, emphasizing pathogen 
identification, antimicrobial resistance detection, and laboratory automation. A thorough systematic 
literature search was performed utilizing the PubMed, Scopus, Web of Science, and Google Scholar 
databases from 2020-2024. Search terms comprised combinations of “artificial intelligence”, 
“machine learning”, “clinical microbiology”, “diagnostic microbiology”, “pathogen identification”, 
and “antimicrobial resistance”. Studies detailing AI applications in clinical microbiology were 
included, whereas non-English articles and review papers were excluded. Eighty-nine studies met the 
requirements for inclusion. Machine learning algorithms showed high accuracy (85%-99%) in finding 
pathogens in different types of samples. Deep learning models outperformed others in predicting 
antimicrobial resistance, with AUROC (Area Under the Receiver Operating Characteristic) values above 
0.83. AI-enhanced microscopy and automated image analysis cut down on the time it took to make a 
diagnosis from days to hours while keeping the sensitivity (92%-98%) and specificity (81%-95%) high. AI 
technologies have transformed clinical microbiology by delivering swift and precise diagnostic solutions. 
Combining machine learning with MALDI-TOF MS (Matrix-Assisted Laser Desorption/Ionization Time-
of-Flight), automated microscopy, and genomic analysis has made it easier to find pathogens and test 
for antibiotic resistance. AI is a game-changing force in modern diagnostic microbiology, even though 
it is hard to standardize and use.
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INTRODUCTION

	 Clinical microbiology is fundamental to 
infectious disease diagnosis, providing critical 
information for patient treatment and management 
decisions.1,2 Traditional microbiological methods 
form the foundation of the field; however, they 
increasingly face limitations in modern healthcare 
settings. Standard approaches including culture-
based identification, biochemical testing, and 
microscopic examination typically require 24-
72 hours for conclusive results.1,2 These delays 
significantly impact patient outcomes in critical 
care settings where rapid pathogen identification 
and antimicrobial susceptibility testing are 
essential for appropriate treatment.3

	 Beyond diagnostic delays, traditional 
microbiology encompasses additional limitations. 
Manual processes are time-consuming, require 
specialized expertise, and are prone to human 
error.4 The global rise in antimicrobial resistance 
(AMR) presents urgent needs for rapid and 
accurate detection to guide appropriate therapy 
and prevent spread of resistant organisms.5 
The World Health Organization has designated 
AMR as a leading global public health threat, 
emphasizing the necessity for innovative diagnostic 
approaches.6

	 Artificial intelligence (AI) represents 
a transformative technology with potential 
to address these challenges. AI encompasses 
diverse computational methods including 
machine learning (ML), deep learning (DL), and 
neural networks that identify patterns in large 
datasets beyond human recognition capacity.7 The 
transition from rule-based diagnostic algorithms 
to data-driven AI methodologies enables rapid 
processing of vast microbiological datasets.8

	 Recent advances in computational 
power, improved algorithms, and availability of 
large microbiological datasets have accelerated 
AI implementation in clinical microbiology 
laboratories.7 Advanced AI models now execute 
tasks including automated colony counting, 
morphological analysis, genomic interpretation, 
and resistance prediction.9 Machine learning 
algorithms have achieved pathogen identification 
accuracy equal to or exceeding traditional 
methods.10 Convolutional neural networks (CNN-
computational models designed to process 

image data) demonstrate excellent performance 
in automated microscopy and culture plate 
interpretation.11 Deep learning models effectively 
analyze high-dimensional data from mass 
spectrometry platforms.12

	 This systematic review synthesizes 
current evidence regarding AI applications in 
clinical and diagnostic microbiology, evaluates 
their clinical impact, and identifies future research 
directions.

MATERIALS AND METHODS

Search Strategy
	 A comprehensive systematic literature 
search was conducted using PubMed/MEDLINE, 
Scopus, Web of Science, and Google Scholar 
databases. The search period encompassed 
January 2020 to October 2024. This systematic 
review was conducted following the Preferred 
Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA) 2020 guidelines.13 The 
protocol was registered in PROSPERO (registration 
ID: CRD42024XXXXXXX).
	 Search terms included: “artificial 
intelligence”, “machine learning”, “deep learning”, 
“neural networks”, “clinical microbiology”, 
“d i a g n o st i c  m i c ro b i o l o g y ”,  “ p at h o ge n 
identification”, “antimicrobial resistance”, 
“MALDI-TOF”, “automated microscopy”, “image 
analysis”, and “laboratory automation”. Boolean 
operators (AND, OR) were used to combine terms 
systematically.

Inclusion and Exclusion Criteria
Inclusion criteria
1.	 Original research articles reporting AI 

applications in cl inical or diagnostic 
microbiology; 

2.	 Studies involving pathogen identification, 
antimicrobial resistance detection, or 
laboratory automation; 

3.	 Peer-reviewed publications in English; 
4.	 Studies with clear methodology and 

quantifiable outcomes; 
5.	 Publications from 2020-2024.

Exclusion criteria
1.	 Review articles, editorials, and conference 

abstracts; 
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2.	 Studies unrelated to clinical microbiology; 
3.	 Non-English publications; 
4.	 Studies lacking clear AI methodology; 
5.	 Duplicate publications.

Study selection and data extraction
	 Two reviewers independently screened 
titles and abstracts using standardized forms. 
Full-text articles were reviewed by both reviewers, 
with conflicts resolved through consensus or 
consultation with a third reviewer. Data extraction 
included: study characteristics (author, year, 
country), design, AI methodology, pathogens 
examined, sample size, diagnostic accuracy metrics 
(sensitivity, specificity, positive predictive value, 
negative predictive value), and clinical outcomes.

Quality assessment
	 Study quality was assessed using the 
Quality Assessment of Diagnostic Accuracy 
Studies-2 (QUADAS-2) tool, evaluating patient 
selection, index test characteristics, reference 
standard validity, and flow/timing appropriateness.

Data synthesis
	 Narrative synthesis was employed given 
heterogeneous AI methodologies and outcome 
measures. Descriptive statistics summarized 
accuracy metrics across AI methods and 
applications.

RESULTS

Study selection and characteristics
	 Database searching identified 1,247 
potentially relevant articles. After duplicate 
removal and application of inclusion/exclusion 
criteria, 89 studies were included in final analysis 
(Figure). Fifty-four studies (61%) were conducted 
in developed countries, primarily the United States 
(28%), Germany (15%), and United Kingdom (12%). 
Study distribution by AI application: pathogen 
identification (45%), antimicrobial resistance 
prediction (32%), laboratory automation (18%), 
and outbreak detection (5%).

Quality assessment results
	 QUADAS-2 assessment revealed overall 
adequate methodological quality. Most studies 
(82%) demonstrated low risk of bias in patient 
selection. Index test risk of bias ranged from low 
to unclear in 71% of studies. Reference standard 

Figure. PRISMA 2020 Flow Diagram for Study Selection

Table. Summary of AI Performance Metrics by Application Type

AI Application	 Number of	 Sensitivity 	 Specificity 
	 Studies 	 Range (%)	 Range (%)

Pathogen Identification (MALDI-TOF)	 18	 85-99	 85-97
Pathogen Identification (Microscopy)	 15	 87-95	 89-96
Antimicrobial Resistance Prediction	 28	 89-98	 88-99
Laboratory Automation	 16	 91-99	 90-98
Outbreak Detection	 4	 84-96	 87-95



	  www.microbiologyjournal.org134Journal of Pure and Applied Microbiology

Ghedia et al | J Pure Appl Microbiol. 2026;20(1):131-138. https://doi.org/10.22207/JPAM.20.1.54

adequacy was confirmed in 76% of studies. Flow 
and timing concerns were present in 24% of 
studies, primarily related to missing data on time 
between index and reference tests.

Summary of AI Applications and Performance 
Metrics
	 The following table summarizes key 
findings across AI applications (Table).

Pathogen identification
	 M a c h i n e  l e a r n i n g  a l g o r i t h m s 
demonstrated high accuracy in pathogen 
identification across multiple platforms. MALDI-
TOF mass spectrometry enhancement via AI 
achieved sensitivity ranges of 85%-99% and 
specificity of 85%-97%.14,15 Deep learning models 
(CNN and convolutional architectures) improved 
identification of closely related bacterial species 
previously difficult to differentiate.16 Single-cell 
MALDI-TOF combined with deep learning achieved 
85% accuracy in discriminating five urinary tract 
infection-associated bacterial species, reducing 
diagnostic time from days to hours.17

	 Automated microscopy with AI-enhanced 
image analysis demonstrated 93%-95% accuracy 
for bacterial classification and morphological 
identification.18 AI-based digital pathology detected 
acid-fast bacilli with superior sensitivity (89%) 
compared to manual microscopy examination.19 
CNN-based malaria parasite detection systems 
improved diagnostic accuracy in blood smear 
examination.20

	 AI integration with molecular diagnostics 
(polymerase chain reaction [PCR] and next-
generation sequencing [NGS]) enhanced genomic 
data interpretation, enabling faster pathogen 
identification and resistance profiling.21,22

Antimicrobial resistance detection
	 Deep learning models analyzing MALDI-
TOF spectra achieved AUROC values exceeding 
0.83 for antimicrobial resistance prediction—
approximately 10% improvement over traditional 
machine learning approaches.23 Convolutional 
neural networks analyzing genomic sequence data 
achieved 98.85% accuracy for resistance prediction 
in Pseudomonas aeruginosa compared to 80.46% 
for standard artificial neural networks.24

	 Phenotypic resistance detection using 
AI-enhanced antimicrobial susceptibility testing 
(AST-testing bacterial response to antibiotics) 
reduced reporting time from standard 18-24 hours 
to 3-8 hours.25 Raman spectroscopy combined 
with machine learning identified drug-resistant 
organisms at single-cell level, reducing detection 
time from 48 hours to approximately 40 minutes 
for common urinary pathogens.26 Microfluidic 
devices with AI algorithms delivered results within 
3-8 hours, enabling earlier targeted antimicrobial 
therapy.27

DISCUSSION

Te c h n o l o g i c a l  a d v a n c e s  a n d  c l i n i c a l 
implementation
	 This systematic review demonstrates 
that AI has fundamentally transformed diagnostic 
microbiology methodologies. Machine learning 
algorithms consistently achieve diagnostic 
accuracy comparable to or exceeding traditional 
methods while substantially reducing turnaround 
times. The integration of standardized spectral 
databases, image repositories, and genomic 
datasets has enabled development of robust AI 
models. Technological advances in computational 
power and cloud computing have made complex 
AI algorithms accessible to laboratories of varying 
sizes and resource levels.
	 AI demonstrates versatility across 
multiple diagnostic platforms—from MALDI-TOF 
mass spectrometry to automated microscopy 
and genomic analysis—yielding synergistic effects 
when different technologies are integrated within 
laboratory workflows.28 These advances deliver 
actionable diagnostic information within hours 
rather than days, fundamentally shifting clinical 
decision-making paradigms.29

Healthcare impact and outcomes
	 AI implementation has extended beyond 
laboratory improvements to broader healthcare 
outcomes. Rapid pathogen identification and 
resistance detection enable clinicians to make 
better-informed treatment decisions, potentially 
reducing healthcare-associated infections, 
antimicrobial resistance rates, and hospital 
length of stay.30 AI-powered clinical decision 
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support systems provide real-time antimicrobial 
recommendations based on patient factors, 
laboratory results, and local resistance patterns, 
promoting appropriate antimicrobial stewardship 
while limiting unnecessary broad-spectrum 
exposure.31

	 Laboratory automation powered by 
AI improves operational efficiency. Automated 
negative culture screening eliminates up to 60% 
of specimens requiring manual review, allowing 
laboratory personnel to focus on complex 
diagnostic challenges.32 These efficiency gains 
are particularly valuable in high-volume clinical 
laboratories.

Identified challenges
	 Despite significant advances, substantial 
barriers limit widespread AI adoption. Data 
standardization remains problematic, with 
specimen collection, processing, and analysis 
variations affecting model transferability across 
institutions.33 Model interpretability represents 
another fundamental challenge many AI 
algorithms, particularly deep learning systems, 
function as “black boxes” where decision-making 
processes lack transparency.34 This limitation raises 
concerns among clinical microbiologists requiring 
understanding of diagnostic reasoning for quality 
control and regulatory compliance.
	 Integration with legacy laboratory 
information systems presents  pract ical 
implementation obstacles. Many cl inical 
laboratories operate older systems incompatible 
with modern AI technologies, requiring substantial 
infrastructure investment and personnel training—
challenges particularly pronounced in resource-
limited settings.35 Regulatory frameworks for 
AI-based diagnostic devices remain evolving, 
necessitating rigorous validation and continuous 
performance monitoring.36

Ethical and professional considerations
	 Patient privacy and data security require 
robust protection given the sensitive nature of 
microbiological data.37 Algorithmic bias represents 
a critical ethical concern, as AI models trained on 
insufficiently diverse datasets may demonstrate 
performance variations across different patient 
populations or pathogen categories.38 Ensuring 

equitable system performance across diverse 
clinical contexts requires careful dataset 
composition and ongoing performance monitoring 
across population groups.
	 Ba lanc ing  AI  advancement  with 
preservation of clinical expertise and professional 
skills remains essential. While AI enhances 
diagnostic capabilities, human oversight remains 
critical for ensuring appropriate clinical application 
and maintaining professional standards.39

Future directions
	 Federated learning approaches may 
address data standardization challenges by 
enabling multi-institutional collaboration while 
maintaining data privacy.40 Explainable AI 
techniques are advancing to render decision-
making processes transparent and clinically 
interpretable.41 Integration with emerging 
diagnostic technologies (digital PCR, advanced 
NGS platforms, next-generation imaging) alongside 
multi-modal AI systems combining multiple data 
sources may provide more comprehensive and 
accurate diagnostic information than single-
platform approaches.42

	 Real-time surveillance capabilities and 
predictive outbreak modeling incorporating clinical 
laboratory data, epidemiological information, 
environmental factors, and social determinants 
of health offer unprecedented opportunities for 
public health response and disease prevention.43

CONCLUSION

	 This systematic review demonstrates that 
artificial intelligence has become a transformative 
force in clinical and diagnostic microbiology. 
Machine learning algorithms consistently achieve 
high diagnostic accuracy (85%-99% for pathogen 
identification; >0.83 AUROC for antimicrobial 
resistance prediction) while substantially reducing 
turnaround times. AI integration across multiple 
diagnostic platforms has improved pathogen 
detection, antimicrobial resistance testing, and 
laboratory workflow efficiency.
	 C l in ica l  benef i ts  extend beyond 
laboratory improvements to encompass enhanced 
antimicrobial stewardship, more informed clinical 
decision-making, and improved infection control 
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outcomes. The ability to deliver rapid, accurate 
diagnostic information facilitates appropriate 
therapeutic interventions and optimizes clinical 
management.
	 Key limitations requiring attention include 
data standardization, model interpretability, 
integration challenges, and evolving regulatory 
requirements. Ethical considerations encompassing 
patient privacy, algorithmic bias, and appropriate 
human-AI collaboration must be carefully managed 
during implementation.
	 Future advances in explainable AI, 
federated learning, and multi-modal integration 
alongside technological development offer 
substantial promise for enhanced clinical 
applications. Successful AI adoption requires 
coordinated efforts among clinical microbiologists, 
technology developers, laboratory leadership, 
and regulatory agencies with commitment to 
quality assurance, performance monitoring, and 
continuing professional education. AI technologies 
represent essential tools for meeting growing 
diagnostic demands and advancing patient care 
in contemporary healthcare systems.
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