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Background: Klebsiella pneumoniae is a WHO critical-priority pathogen associated with a substantial antimicrobial resistance 
(AMR) burden. Conventional microbiology workflows, including antimicrobial susceptibility testing, often require 36–72 hours, 
prolonging empirical therapy and contributing to antibiotic overuse. Artificial intelligence (AI) has emerged as a promising approach 
for enhancing the detection and prediction of antimicrobial resistance.
Methods: We searched four databases (PubMed, EMBASE, MEDLINE, and CENTRAL) from 1 January 2010 to 3 January 2026 for 
peer-reviewed, original research studies evaluating AI methods for the detection and/or prediction of AMR in K. pneumoniae. Studies 
without K. pneumoniae-specific extractable outcomes were excluded. Data on study characteristics, input modalities, AI methods, 
performance, workflow gains, and validation methods were extracted and narratively synthesised. Risk of bias was assessed using 
PROBAST and QUADAS-2 according to study design.
Results: Fifty-seven studies were included, with publication output accelerating sharply in 2024–2025 (27/57, 47.4%). Most studies 
originated from East Asia and predominantly aimed to classify resistance phenotypes from pre-AST data (37/57, 64.9%) using 
machine learning approaches. MALDI-TOF mass spectrometry was the most common input modality (27/57, 47.4%), followed by 
genomic sequencing and vibrational spectroscopy (12/57 each, 21.1%). Random forests were the most frequently studied model family 
(28/57, 49.1%), with high reported discrimination. Among AUROC/AUC-primary studies, 26/35 (74.3%) reported best-model 
performance ≥0.90; however, overall risk of bias was high, present in 45/57 studies (78.9%). Internally validated study designs 
predominated, with external validation reported in only 17/57 studies (29.8%), and prospective, real-world evaluation in 1/57.
Conclusion: AI-based AMR prediction and detection in K. pneumoniae is advancing rapidly, with MALDI-TOF-enabled approaches 
appearing most readily translatable to clinical microbiology workflows. However, the field remains dominated by retrospective, 
internally validated studies, often using imperfect automated susceptibility systems as reference standards. Progress now depends on 
rigorous external and prospective multicentre validation using geographically diverse datasets.

Plain Language Summary: Klebsiella pneumoniae is a bacterium that can cause serious infections, especially in people admitted to 
hospital. Many strains are now resistant to antibiotics, which means some medicines no longer work well. Standard laboratory tests to 
find the right antibiotic usually take 36 to 72 hours. During this time, doctors often need to start treatment with broad-spectrum 
antibiotics before the full results are ready, which can contribute to antibiotic resistance. 

We reviewed published studies to understand whether artificial intelligence (AI) could help identify antibiotic resistance in 
Klebsiella pneumoniae more quickly. AI is a type of computer system that can look for patterns in complex data. We found 57 
studies published between 2018 and 2025. Most looked at whether AI could use information already produced in the microbiology 
laboratory, especially from a common test called “MALDI-TOF mass spectrometry” (a test that identifies bacteria from their protein 
“fingerprint”), to predict resistance earlier than standard testing. 
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Studies predominantly originated from East Asia. Most reported good accuracy, and almost half said AI could provide faster results 
than usual laboratory methods. This means AI could help doctors choose better antibiotics sooner and reduce unnecessary use of 
broad-spectrum treatment. 

However, we identified some important limitations. Most studies tested the AI on past data rather than in real-time patient care. In 
some studies, the AI learned from automated systems rather than the best available (“gold standard”) methods, meaning it may 
reproduce their weaknesses. More real-world studies across different hospitals are needed before AI can be used safely. 

Keywords: Klebsiella, artificial intelligence, machine learning, deep learning, antimicrobial resistance, systematic review

Introduction
Antimicrobial resistance (AMR) is one of the most defining global health challenges of the 21st century, with recent 
projections estimating more than 39 million deaths attributable to AMR by 2050.1 Within this context, the World Health 
Organization (WHO) has designated the Enterobacteriaceae family, a clinically important group of pathogens that 
includes Klebsiella pneumoniae (K. pneumoniae; KP), as “Priority 1: Critical” for urgent research and development of 
new antibiotics. K. pneumoniae is a Gram-negative bacterium implicated in both hospital-acquired and community- 
acquired infections, and its marked capacity to acquire multidrug resistance mechanisms - particularly extended-spectrum 
β-lactamases (ESBLs) and carbapenemase enzymes such as KP carbapenemase (KPC), New Delhi metallo-β-lactamase 
(NDM) and oxacillinase-48 (OXA-48) - has contributed to substantial morbidity and mortality worldwide.2,3

Antibiotic selective pressure is a major driver of the evolving multidrug resistance profile of KP.4 Appropriate 
antibiotic prescribing is therefore a critical strategy for limiting the emergence and spread of resistance.5 However, efforts 
to reduce inappropriate antibiotic use and reliance on empirical therapy are frequently hindered by time-consuming, 
conventional pathogen identification and antimicrobial susceptibility testing (AST).6 Key rate-limiting steps include 
primary specimen culture for bacterial growth and isolation (6–18 hours), followed by phenotypic susceptibility testing 
by broth microdilution for minimum inhibitory concentration (MIC) determination or Kirby-Bauer disc diffusion, with 
clinically actionable results often only available 36–72 hours after sample collection.7 Collectively, these time-dependent 
processes underscore the need for more rapid diagnostics and innovative approaches to resistance detection and 
susceptibility prediction that could improve clinical microbiology workflows and support antimicrobial stewardship.8

Recent advances in machine learning (ML) and deep learning (DL) have accelerated interest in artificial intelligence 
(AI)-enabled diagnostics across healthcare, including AMR detection and susceptibility prediction.9 ML refers to data- 
trained algorithms that can identify patterns and support prediction or decision-making without being explicitly 
programmed for each rule.10 One example is the application of ML to MALDI-TOF mass spectrometry data to predict 
antimicrobial susceptibility in Staphylococcus aureus, enabling earlier resistance inference from routinely generated 
spectra, with strong reported discrimination.11 In contrast, deep learning is a subtype of ML that uses multilayer “neural 
networks” to analyse larger or more complex data and learn more detailed patterns automatically. For example, a recent 
experimental, proof-of-concept deep learning study used single-cell image analysis to enable rapid phenotypic suscept
ibility assessment in Escherichia coli within 30 minutes.12 Limitations to the implementation of AI technologies are also 
increasingly recognised, including insufficient model explainability, lack of prospective and external validation, under- 
representation of diverse populations in model development and evaluation datasets, and substantial heterogeneity across 
study designs, inputs, outcomes and reference standards.13,14

Given the pace of AI model development and the clinical urgency posed by drug-resistant K. pneumoniae, there is 
a clear need to synthesise and critically evaluate the emerging literature on AI-driven AMR detection and prediction in 
this pathogen. This species is of particular interest for AI-related research because it combines substantial genomic 
diversity, frequent acquisition of resistance determinants, and increasingly large publicly available genomic and routine 
microbiology datasets, creating information-rich patterns that may be well suited to AI-based AMR detection and 
prediction.15,16 This systematic review therefore aims to evaluate the contemporary evidence base in this area, with 
three key objectives: (i) to characterise the AI methods being used and the input data modalities on which they rely, (ii) to 
identify the best-performing approaches across antimicrobial resistance detection tasks (such as resistance mechanism 
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detection or accelerated phenotypic AST) and prediction tasks (such as resistance phenotype inference or MIC prediction 
from pre-AST data), and (iii) to critically appraise validation practices, generalisability, and study design to judge clinical 
readiness. By mapping this field, we aim to inform future research priorities and identify the steps needed to support the 
translation of credible AI tools into clinical microbiology workflows worldwide.

Methods
This systematic review was conducted and reported in accordance with the Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses (PRISMA) 2020 guidelines (PRISMA checklist provided in Supplementary Material S2). 
The protocol for this systematic review was prospectively registered in the International Prospective Register of 
Systematic Reviews (PROSPERO) under registration number CRD420251238578. No post-registration changes materi
ally altered the review question, eligibility criteria, search strategy, or planned approach to synthesis.

Information Sources
Electronic searches were conducted in PubMed, EMBASE (Ovid), MEDLINE (Ovid), and the Cochrane Central Register 
of Controlled Trials (CENTRAL) from database inception to the final search date (3 January 2026). To focus on 
contemporary AI applications, we restricted eligibility to studies published from 1 January 2010 to 3 January 2026. 
Only English-language articles were considered, with no restrictions by geography or clinical setting.

Search Strategy
The search strategy was developed around three core concepts combined with Boolean operators: (1) AI terminology, 
including common machine learning and deep learning terms, (2) Klebsiella pneumoniae, and (3) AMR detection and 
prediction terms, including resistance, susceptibility, AST/MIC and resistance mechanism-related terminology. 
Controlled vocabulary terms (eg., MeSH and Emtree) were combined with free-text keywords to maximise sensitivity. 
A broad Klebsiella MeSH-based strategy was used in PubMed to enhance capture of relevant records. The PubMed 
strategy was benchmarked against eight pre-identified studies (KP006, KP008, KP007, KP010, KP015, KP039, 
KP051, KP036) to confirm sensitivity. Full search strategies for each database are provided in Supplementary 
Material S1. The search strategy was developed by the primary reviewer and peer-reviewed by a senior researcher 
prior to execution.

Eligibility Criteria
Studies were eligible if they were peer-reviewed, original research articles evaluating an artificial intelligence model as 
the primary analytical approach for detecting and/or predicting antimicrobial resistance in KP, with direct relevance to 
hospital-based clinical microbiology workflows. For multi-organism datasets, studies were included only if 
K. pneumoniae-specific outcomes could be extracted. Eligible studies were also required to define antimicrobial 
resistance using a clearly stated reference standard, such as culture-based antimicrobial susceptibility testing or 
minimum inhibitory concentration determination, and to report quantitative performance metrics, including area 
under the receiver operating characteristic curve, sensitivity, specificity, accuracy, positive predictive value, or negative 
predictive value.

Studies were excluded if they were not peer-reviewed or did not present original research, including reviews, 
editorials, protocols, conference abstracts, theses, book chapters, and preprints. Studies were also excluded if they 
reported only pooled multi-species performance, if artificial intelligence was not the primary analytical method, or if they 
relied solely on conventional statistical approaches. Additional exclusions applied to studies focussed on population-level 
antimicrobial resistance surveillance, ecological or national trend modelling, clinical decision-support systems beyond 
the isolate or specimen level (eg., outbreak forecasting), pathogen identification without antimicrobial resistance 
detection or prediction, non-human health contexts, antimicrobial drug discovery, or genomic analyses without a clear 
translational link to routine clinical microbiology workflows. Studies lacking a clearly defined reference standard for 
resistance determination were also excluded.
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Study Selection
The search yielded 1013 records. All retrieved records were imported into Rayyan for de-duplication and screening. 
After duplicate removal, 646 unique studies remained for assessment. Study selection was conducted in two stages: 
initial title and abstract screening followed by full-text review of eligible articles. Screening at both stages was performed 
independently by two reviewers (R.A. and N.S). Disagreements were resolved through discussion and consensus, with 
referral to a senior reviewer when necessary. The final number of included studies was fifty-seven (see PRISMA flow 
diagram, Figure 1), each assigned to a unique study identifier (KP001-KP057).

Figure 1 PRISMA 2020 flow diagram of study selection. Records were identified through four bibliographic databases (PubMed, EMBASE, MEDLINE and CENTRAL). 
Following de-duplication, 646 unique records remained and were screened by title and abstract. 495 were excluded. Full texts were sought for 151 reports; all were 
retrieved and assessed for eligibility. Ninety-four reports were excluded at full-text review, most commonly because KP-specific data were not extractable (n=50). Fifty- 
seven studies were included in the final review. Figure created using the PRISMA2020 Shiny app.17
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Data Extraction and Risk of Bias Assessment
Data were extracted into a prespecified Excel framework developed by R.A., organised across five domains: (1) study 
characteristics, (2) study aims, (3) inputs, AI methods and reference standards, (4) performance outcomes, and (5) 
validation approaches and study conclusions. Extraction was performed by R.A. and independently verified by J.W.

For performance outcomes, where studies assessed multiple candidate algorithms, we extracted results for the 
authors’ prespecified primary model where stated. If no primary model was nominated, we selected the single best- 
performing model according to the study’s primary endpoint. Where multiple related metrics were reported without an 
explicitly defined primary endpoint, AUROC/AUC was prioritised for discrimination tasks, followed by accuracy, F1- 
based metrics, and categorical agreement; this rule was applied consistently across studies.

Risk of bias (RoB) and applicability concerns were assessed at the study level using validated tools selected according 
to study design and primary analytical aim. RoB and applicability assessments were treated as separate methodological 
judgements and were analysed independently. RoB assessed methodological validity, whereas applicability assessed 
relevance to the review question and intended clinical context. Studies developing or validating multivariable AI 
prediction models for antimicrobial resistance were appraised using PROBAST, whereas studies framed primarily as 
diagnostic test accuracy evaluations (index test versus reference standard) were assessed using QUADAS-2.18,19 

Domain-level judgements were recorded as “low”, “high”, or “unclear” risk of bias. For PROBAST-assessed studies, 
risk of bias was evaluated across four domains - participants, predictors, outcome and analysis - with separate 
applicability judgements for participants, predictors and outcome. For QUADAS-2, risk of bias was evaluated across 
patient selection, index test, reference standard, flow and timing, with applicability assessed for patient selection, index 
test and reference standard. RoB and applicability assessments were conducted independently by N.S. and Z.D., with 
discrepancies resolved by consensus and R.A. adjudicating where required.

Given the anticipated heterogeneity in study designs, modelling approaches, target outcomes, and performance 
reporting, findings were synthesised narratively. To facilitate narrative synthesis, studies were grouped by primary 
clinical objective, input modality, AI model category, performance endpoint, validation approach, reference standard, 
and risk-of-bias tool assignment. Results were presented using descriptive summary tables and figures, including 
a publications-per-year plot, a geographic mapping of dataset sources, an input data modalities plot, and tabulated 
summaries of AI model categories, workflow time gains, and risk of bias judgements.

Results
Study Characteristics
A total of 57 studies, published between 2018 and 2025, were included.20–76 Publication output increased over time, with 
nearly half of all studies published in 2024–2025 (27/57, 47.4%; Figure 2). Dataset sources were geographically 
concentrated, particularly in East Asia (China and Taiwan), with limited representation from other high-AMR regions 
(Figure 3). Funding status was reported in 54 studies, of which 50 (92.6%) disclosed government, academic or hospital 
support.

Detailed study-level characteristics, primary objectives, input modalities, AI methods, reference standards, perfor
mance outcomes, validation approaches and study conclusions are provided in Supplementary Material S3.

Clinical Objectives & Input Modalities
Aims and Clinical Objectives
Primary clinical objectives were grouped into four categories. The most common objective was resistance phenotype 
classification from pre-AST data (37/57; 64.9%), in which models classified K. pneumoniae isolates as susceptible or 
resistant to specific antibiotics (most commonly carbapenems, ciprofloxacin, and colistin). Fewer studies focussed on 
resistance mechanism identification (10/57; 17.5%), including the detection of carbapenemase production, extended- 
spectrum β-lactamase (ESBL) production, or specific resistance determinants such as KPC, NDM and OXA-48. Rapid 
AST prediction and MIC prediction were each uncommon, with 5/57 studies each (8.8%). Rapid AST studies aimed to 
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accelerate phenotypic susceptibility classification from AST-derived signals, whereas MIC prediction studies sought to 
estimate quantitative susceptibility values directly.

Antibiotics and Resistance Mechanisms
Carbapenems, particularly meropenem, imipenem and ertapenem, were the most frequently studied class, appearing as 
a primary target in 34/57 studies (59.6%). Other commonly studied antibiotics included ciprofloxacin (25 studies), 
colistin (11 studies), and third- or fourth-generation cephalosporins, such as ceftazidime and cefepime. Among studies 

Figure 2 Annual publication of included studies. Bar chart showing the number of eligible studies published per year between 2018 and 2025. Values are annotated above 
bars; the dotted line indicates the linear publication trend.

Figure 3 Geographic distribution of dataset sources. Choropleth map showing the reported country of origin of datasets used for model training and/or validation. Multi- 
country datasets were disaggregated so that a single study could contribute counts to more than one country. Dataset origin was most frequently reported as China (n=16), 
Taiwan (n=10) and the USA (n=8). A minority of studies used international public datasets (n=5) or other unspecified public data sources (n=2) and so were not attributed 
to a specific country on the map. Figure created using Datawrapper (https://www.datawrapper.de).
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targeting resistance mechanisms (n=10), primary targets included carbapenemase-producing KP (CPK), ESBL produc
tion, and carbapenemase-encoding genes, including blaKPC, blaNDM, and blaOXA-48.

Input Modalities
Three input modalities accounted for 89.5% of included studies (Figure 4). MALDI-TOF MS was the most common 
input modality (27/57 studies, 47.4%), followed by genomic sequencing data and vibrational spectroscopy (12/57 
each, 21.1%).

AI Modelling Approaches
Most studies used machine learning (ML) methods alone (38/57; 66.7%), whereas deep learning (DL) alone was less 
common (9/57, 15.8%). A further nine studies evaluated both ML and DL in parallel, and one implemented a hybrid 
pipeline (autoencoder-SVM, KP056). Across algorithm families, random forests (RF) and gradient-boosting methods 
were the most frequently evaluated (Table 1). Overall, 41/57 studies (71.9%) compared more than one candidate model, 
with the number of distinct models per study ranging from 1 to 8 (mean 2.8 models; median 2 models per study).

Model Performance, Validation and Reference Standards
Performance
Performance reporting was heterogeneous. AUROC/AUC was the primary endpoint in 35/57 studies (61.4%), whereas 
accuracy was primary in 16/57 (28.1%). Among AUROC/AUC-primary studies, 26/35 (74.3%) reported best-model 
performance of at least 0.90, and 21/35 (60.0%) reported performance of at least 0.95, although results varied across 
antibiotic targets. Random forest models were most often identified as best-performing (16/57 studies), followed by 
gradient-boosting methods (14/57 studies) and CNN-based models (9/57 studies).

Reported Workflow Time Improvements
Twenty-seven studies (47.4%) explicitly reported a workflow time advantage relative to conventional microbiology 
pathways. However, the analytical starting points for these comparisons were heterogeneous, ranging from urine sample 
receipt, initial culture, and blood culture positivity to post-species identification or post-sequencing data availability. 

Figure 4 Primary input modalities used for AI modelling across included studies. Bar chart summarising the primary input modality reported in each study. The three 
dominant modalities were MALDI-TOF MS spectra, followed by genomic sequencing data (including whole-genome sequencing and metagenomic data) and vibrational 
spectroscopy (Raman or Fourier-transform infrared spectroscopy). The remaining studies were grouped as “other” (6/57), comprising image analysis (including disk diffusion 
antibiogram photographs and time-lapse single-cell imaging; n=2), nanomotion technology (n=2), flow cytometry (n=1) and MIC results from routine AST-derived data (n=1).
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Accordingly, time estimates should be interpreted as study-specific workflow improvements, rather than standardised 
sample-to-result turnaround times.

Thirteen studies reported time-to-result gains of less than 1 hour from their stated analytical start point 
(Supplementary Material S4), of which 6/13 (46.2%) used MALDI-TOF MS data as the input modality. A further 
three studies reported workflow improvements within 1–4 hours, including KP002 (AST results in 2–4h versus 24 hours 
with conventional AST), KP026 (reduced resistance detection time for KP to 1–2h using ML applied to MALDI-TOF 
MS data), and KP056 (culture incubation reduced to 4h versus 24 hours, corresponding to a 20h time benefit).

Where studies benchmarked against culture-based AST, the reported time advantage was typically framed as an 
approximately 24–48h-scale acceleration. Examples included up to 24 hours faster targeted antibiotic selection compared 
to conventional AST using an AI-clinical decision support system (KP001), AST results reported 1 day earlier than 
conventional routine diagnostics (KP037), and genotypic AST results with a mean turnaround time of 18.34 ± 
0.87 h versus 60.15 ± 21.58 h for traditional culture-based AST (KP053).

Validation Reporting & Reference Standards
Internal validation was reported in 55/57 studies (96.5%), most commonly using k-fold cross-validation (typically 5–10 
folds) in 36/55 studies, and, less often, hold-out train-test splitting alone (7/55). More rigorous approaches, such as nested 
cross-validation or bootstrapping, were rare. External validation using independent datasets was reported in 17/57 studies 
(29.8%), including evaluations using multi-site networks and public or previously published datasets such as the 
Database of Resistance Information on Antimicrobials and MALDI-TOF Mass Spectra (DRIAMS). One study reported 
a prospective, real-world diagnostic accuracy evaluation using newly collected samples (KP031). Temporal validation 
was described in 9/57 studies (15.8%), most often through chronological splits.

Reference standards for model training and validation were most often based on automated commercial systems such 
as VITEK 2 and BD Phoenix (29/57, 50.9%). The gold-standard broth microdilution (BMD) method was the primary 
reference in 9/57 studies (15.8%). The remaining studies relied on disk diffusion or gradient strips (n=7), unspecified 
MIC methods (n=6), or genotypic confirmation (n=4).

Risk of Bias
Across the fifty-seven included studies, overall risk of bias was judged high in 45/57 studies, and unclear in 12/57; no 
study met criteria for overall low risk. Among prediction-model studies assessed using PROBAST (n=24), high overall 
risk of bias was judged in 17/24 studies (7/24 unclear), driven mainly by the analysis domain (16/24 high) and participant 
selection (10/24 high), whereas the predictor domain was consistently low risk (24/24 low). Among diagnostic accuracy 

Table 1 AI Modelling Approaches and Commonly Evaluated Algorithm Families

AI Category AI Algorithm Families Studies Evaluating, n (%)

Machine Learning (ML), n = 38 Random Forest (RF) 28 (49.1%)

Gradient Boosting Variants (e.g. XGBoost, LightGBM) 25 (43.9%)

Logistic Regression (LR) 19 (33.3%)

Support Vector Machine (SVM) 18 (31.6%)

Deep Learning (DL), n = 9 Convolutional Neural Network (CNN) 9 (15.8%)

Multilayer Perceptron (MLP) 7 (12.3%)

Artificial Neural Network (ANN) / Feed-forward Neural Network (FFNN) 4 (7.0%)

Deep Neural Network (DNN) 2 (3.5%)

Hybrid, n = 1 Autoencoder-SVM 1 (1.8%)

Notes: Studies were classified by primary AI category, based on the modelling approach used for the extracted primary model, with the most commonly reported 
algorithm families summarised within each category. Individual studies frequently evaluated multiple candidate models, therefore algorithm counts are not mutually 
exclusive.
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studies assessed using QUADAS-2 (n=33), 28/33 were rated high risk (5/33 unclear), predominantly due to patient 
selection (21/33 high) and index test (26/33 high). In contrast, the reference standard domain was generally low risk (24/ 
33 low). Applicability concerns were also common, with high concern in 40/57 studies (PROBAST 17/24; QUADAS-2 
23/33), low concern in 14/57 and unclear concern in 3/57.

Study-level domain judgements for PROBAST and QUADAS-2, including overall risk-of-bias and applicability 
assessments, are provided in Supplementary Material S5.

Discussion
The evidence base for artificial intelligence approaches to predicting and detecting antimicrobial resistance in Klebsiella 
pneumoniae has expanded rapidly. Across 57 studies published between 2018–2025, almost half appeared in 2024–2025, 
reflecting both accelerating technical capability and the growing urgency of drug-resistant KP as a global health priority. 
Notably, much of the recent work has pivoted towards machine learning applications for resistance phenotype prediction, 
leveraging routinely available hospital data streams such as MALDI-TOF mass spectrometry. However, this growth has 
not yet translated into demonstrable clinical readiness; although the best-performing models frequently reported high 
discrimination (AUROC commonly >0.90, with several exceeding 0.95), evaluation was dominated by internal resam
pling strategies, with relatively few studies undertaking independent external validation. This reliance on internal 
validation increases the risk of bias and raises concerns about the generalisability of these models across diverse clinical 
settings, laboratory platforms, and populations.

The predominance of MALDI-TOF MS as an input modality suggests a shift towards tools that can be embedded 
within existing microbiology workflows. By leveraging routinely generated data, MALDI-TOF-based models could, in 
principle, provide an early predictive layer of antimicrobial resistance prediction without additional wet-lab steps, 
equipment, or sample processing, offering a potentially low-cost route to earlier actionable information. This rationale 
is broadly supported by the time-to-result analyses reported in the literature: 27 studies explicitly quantified workflow 
acceleration, most commonly reporting an approximately 24-hour gain. However, these studies measured time gain from 
different starting points within the diagnostic pathway; therefore, the reported acceleration should be interpreted 
cautiously and in the context of each individual study, rather than as directly comparable end-to-end turnaround time 
reductions. Overall, the ability to extract clinically relevant proteomic or phenotypic signals from data already generated 
in the clinical laboratory suggests that MALDI-TOF-based prediction may represent one of the most readily implemen
table AI applications for earlier antimicrobial optimisation.

Beyond MALDI-TOF, the literature also explored alternative input modalities, including whole-genome sequencing 
(WGS), spectroscopic approaches (Raman/FTIR), and emerging phenotypic technologies such as nanomotion, many of 
which also reported strong discriminatory performance. Although some of these approaches offered ultra-rapid turn
around times in the range of minutes to hours, their translational pathway is complicated by limited existing infra
structure, such as dedicated nanomotion platforms and specialised analytical pipelines, and by a lack of demonstrable 
cost-effectiveness. While these studies provide a view of potentially rapid future diagnostic pathways, the uncertainty of 
the feasibility and scalability of these approaches means that MALDI-TOF-based strategies are likely to remain central to 
this research landscape in the near term. Of note, however, the single prospective, real-world diagnostic accuracy study 
identified in this review (KP031) evaluated a nanomotion-based platform rather than a MALDI-TOF-based approach. 
Given the emerging translational appeal of MALDI-TOF within existing laboratory workflows, prospective evaluation of 
MALDI-TOF-based AI models in routine clinical microbiology settings should now be considered a major priority for 
future research.

A central limitation of the current evidence base is the pronounced geographic skew in data sourcing, which raises 
concerns about the global transferability of the evaluated algorithms. Most datasets originated from East Asia, particu
larly China and Taiwan, with comparatively fewer studies from Europe and North America and a striking paucity of data 
from regions with a high AMR burden, such as sub-Saharan Africa and Latin America. This matters because 
K. pneumoniae is a genetically diverse pathogen, with geographically distinct high-risk clones and resistance determi
nants; for example, the ST11 sequence type predominates in much of Asia, whereas ST258 is more prominent in Europe 
and North America.77 As a result, models trained in settings dominated by specific high-risk clones or resistance 
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determinants may underperform when lineage distributions or resistance mechanisms differ. This is particularly relevant 
to MALDI-TOF-based models, where spectra may exhibit clade-specific peak patterns; therefore, models trained on 
ST11-dominant datasets may generalise less well to ST258-predominant settings if resistance-associated peaks are 
lineage-dependent.42

Headline metrics may therefore reflect high performance within narrow epidemiological settings rather than robust 
discrimination across broader clinical contexts. Without external validation on geographically diverse cohorts, which was 
absent in nearly 70% of included studies, these models may remain overfitted to local epidemiology and thus unsuitable 
for broader deployment. Progressing from promising prototypes to deployable diagnostics will therefore require 
deliberate external validation across hospitals, regions, and time, using geographically diverse KP cohorts.

With respect to AI model types, we observed a preference for evaluating “traditional” machine learning models, most 
commonly random forests, which were both the most frequently studied and the most often reported as best-performing, 
alongside gradient-boosting variants and support vector machines. Importantly, however, random forests are also 
frequently used as comparator or benchmark models in applied ML studies; therefore, their apparent prominence in 
this review should not be taken to imply that they are inherently superior to other model classes across all translational 
settings. This pattern is nevertheless consistent with the characteristics of many routinely available microbiology input 
datasets; MALDI-TOF data are typically structured and often available in relatively modest sample sizes, conditions 
under which tree-based methods such as random forests can perform strongly while remaining less vulnerable than more 
complex models to overfitting.78–80 In contrast, deep learning approaches were used more selectively, with convolutional 
neural networks (CNNs) generally applied to more complex or less structured data types, such as SERS spectra (KP054) 
and raw nanomotion signals (KP002).

A critical translational consideration is whether these models are sufficiently interpretable to support safe clinical 
decision-making. Deep learning models, for example, are often described as “black-box” systems because the basis of 
their predictions may be difficult to interpret.81 In clinical settings where false susceptibility predictions could contribute 
to treatment failure, the interpretability of an algorithm therefore becomes an important determinant of trust and adoption 
of AI in healthcare.82 The growing emphasis on “explainable AI” may therefore favour simpler but more transparent 
machine learning approaches over deep learning in some clinical applications, despite the latter’s promise for accelerat
ing microbiology workflows.

A central consideration for accurate antimicrobial resistance prediction is the quality of the “ground truth” labels used 
to train and evaluate models. Model performance is therefore constrained by the quality of the reference data on which 
those labels are based. A primary limitation of the current evidence base is the frequent use of imperfect automated 
commercial susceptibility systems, rather than reference-grade phenotypic methods, as the ground truth for model 
training and evaluation. In the reviewed literature, just over half of studies used automated commercial systems, 
particularly VITEK 2 and BD Phoenix, as the reference comparator. In contrast, only a minority employed the gold- 
standard, reference-grade broth microdilution (BMD) method. This distinction is important, as although automated 
systems are operationally more efficient, they have recognised limitations, including historical inaccuracies in identifying 
KPC-producing organisms and poor reliability for some targets such as colistin resistance in KP.83,84

Accordingly, when AI models are trained to reproduce the output of automated systems rather than reference-grade 
phenotypic methods such as BMD, they risk a form of diagnostic “mimicry” – a concept which can be defined as the 
reproduction of the comparator’s limitations within the model’s predictions. In clinical settings, this could have important 
downstream consequences if erroneous susceptibility predictions influence early treatment decisions. For AI to represent 
a genuine advance in diagnostic precision in KP, future model development should prioritise high-quality phenotypic 
reference data rather than highly performing models that function primarily as faster proxies for existing automated 
systems. Future studies should also specify whether the intended use of their AI approach is early approximation of 
routine AST for triage or stewardship support, or definitive reference-standard susceptibility inference. Validation and 
reporting should then be aligned accordingly, so that clinicians can judge how these tools might support practice without 
compromising patient safety.
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Strengths and Limitations
This systematic review has several important strengths, including prospective registration on PROSPERO and rigorous 
adherence to PRISMA 2020 principles. Additionally, it is based on a comprehensive four-database search, with dual 
independent screening, structured data extraction (with full transparency of additional extracted variables provided in the 
Supplementary Material), and the use of validated risk-of-bias tools (PROBAST and QUADAS-2). Its pathogen-specific 
focus on K. pneumoniae and its translational emphasis on clinical microbiology workflows also enabled a more focussed 
and detailed synthesis of input modalities, validation practices, workflow claims and reference standards.

However, limitations of the study are also acknowledged. The evidence base was highly heterogeneous in study 
design, objectives, model types, outcomes, and reference standards, which precluded formal meta-analysis. The review 
was also constrained by the quality and completeness of reporting in the included studies. Finally, the exclusion of 
preprints, conference abstracts, and other forms of grey literature may act as a source of publication bias, potentially 
omitting very recent technical developments or studies with negative or non-significant results in this rapidly evolving 
field.

Conclusion
In summary, over the last decade, artificial intelligence approaches for Klebsiella pneumoniae AMR prediction and 
detection have emerged as promising strategies for accelerating the availability of clinically actionable susceptibility 
information. Many of the most promising models draw on signals already generated within routine microbiology 
workflows, particularly MALDI-TOF mass spectra, offering a plausible route to an early susceptibility layer at, or 
shortly after, species identification. If validated and implemented safely, AI-based approaches could substantially shorten 
diagnostic turnaround, reducing reliance on empirical therapy and enabling more timely de-escalation of antibiotics 
where appropriate, thus strengthening antimicrobial stewardship while conventional AST is pending.

Despite this progress, the evidence base remains dominated by retrospective, in silico prototyping, with relatively few 
studies progressing to the prospective, multicentre evaluation needed for safe clinical translation. Addressing this gap 
should now be a central priority for this field. Future work should shift from repeated model development towards 
rigorous external validation of the most promising approaches under realistic epidemiological shifts, laboratory platform 
variation and operational constraints. At the same time, stronger reference-standard integrity is essential: AI models 
intended for clinical translation should be trained and validated against reference-grade phenotypic comparators – ideally 
broth microdilution where appropriate – rather than imperfect automated systems, to reduce the risk of reproducing and 
amplifying existing diagnostic limitations. Broader international representation is also essential, particularly through 
inclusion of currently underrepresented high-AMR settings across African and Latin American healthcare systems, to 
improve transferability and avoid widening global inequities in diagnostic innovation. Priority should also remain with 
workflow-compatible strategies, especially MALDI-TOF-enabled approaches that can be embedded in existing labora
tory pathways without requiring new, rate-limiting infrastructure. Finally, clearer intended-use framing is needed, 
explicitly distinguishing early approximation of routine AST for triage or stewardship support from definitive phenotypic 
susceptibility prediction, with validation and reporting aligned to that distinction.
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