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ABSTRACT 

Artificial intelligence (AI) is increasingly integrated into clinical laboratory diagnostics, offering advanced 

capabilities for data interpretation and clinical decision support. However, existing evidence remains fragmented 

across diagnostic performance, operational efficiency, and real-world clinical impact. 

This systematic review aimed to evaluate the applications of AI in clinical laboratory diagnostics, with a focus on 

diagnostic accuracy, workflow efficiency, and clinical utility. 

This review was conducted in accordance with PRISMA guidelines. A comprehensive search of PubMed, Scopus, 

Web of Science, and the Cochrane Library was performed for studies published within the last 13 years. Eligible 

studies included diagnostic accuracy studies, observational studies, and clinical trials evaluating AI applications in 

laboratory diagnostics. Data extraction and quality assessment were conducted using standardized tools, and 

findings were synthesized narratively. 

A total of 65 studies were included from 450 identified records. AI models demonstrated consistently high 

diagnostic performance across multiple clinical domains, frequently achieving area under the curve (AUC) values 

above 0.85. Models integrating multimodal data showed enhanced robustness compared to single-modality 

approaches. AI applications improved laboratory workflow by automating data interpretation, reducing turnaround 

times, and optimizing resource utilization. In addition, AI demonstrated strong clinical utility in early disease 

detection, risk stratification, and personalized medicine. However, limitations such as lack of external validation, 

dataset heterogeneity, and limited real-world implementation were commonly reported. 

AI has significant potential to transform clinical laboratory diagnostics by enhancing accuracy, efficiency, and 

clinical decision-making. Future research should prioritize multicenter validation, standardized evaluation 

frameworks, and real-world implementation to ensure safe, equitable, and effective integration into healthcare 

systems. 

Keywords: Artificial intelligence, Clinical laboratory diagnostics, Machine learning, Diagnostic accuracy, 

Workflow efficiency, Clinical utility, Systematic review, Philippines 
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INTRODUCTION 

Artificial intelligence (AI) in healthcare is broadly defined as the application of computational systems capable of 

performing tasks that typically require human intelligence, such as learning, reasoning, pattern recognition, and 

decision-making, to analyze complex medical data and support clinical care (Erasmus & Ondoa, 2023). The World 

Health Organization, Regional Office for Europe further emphasizes that AI is increasingly embedded in diagnostic 

processes, clinical decision-making, and health system management, reflecting its growing role in modern medicine 

(World Health Organization Regional Office for Europe, 2025). Within clinical laboratory diagnostics, AI integrates 

diverse datasets, including biochemical assays, genomic data, and electronic health records, to enhance diagnostic 

precision, accelerate interpretation, and support evidence-based clinical decisions (Fahim et al., 2025). 

AI applications in laboratory medicine can be classified according to methodological approaches and functional 

domains. Methodologically, AI encompasses machine learning (ML), deep learning (DL), and computer vision 

techniques, which enable automated pattern recognition, classification, and predictive modeling from large-scale 

laboratory datasets (Ivanova et al., 2024). Functionally, AI systems are applied across the total testing process, pre-

analytical (e.g., sample management), analytical (e.g., image and signal interpretation), and post-analytical phases 

(e.g., result validation and clinical decision support) (Hou et al., 2024). Assessment of AI performance in diagnostics 

commonly relies on standardized metrics such as sensitivity, specificity, accuracy, and area under the receiver 

operating characteristic curve (AUC-ROC), as well as comparative evaluation against human experts (Erickson & 

Kitamura, 2021). In response to the need for harmonized evaluation, the ITU-WHO Focus Group on Artificial 

Intelligence for Health has developed benchmarking frameworks to standardize the validation of AI-based 

diagnostic tools globally (International Telecommunication Union, ITU, WHO, & WIPO, 2025). 

At the population level, the integration of AI into clinical laboratory systems holds significant implications for public 

health (Undru et al., 2022) . Laboratory diagnostics serve as the basis for disease surveillance, screening, and 

management, and improvements in diagnostic accuracy and efficiency can directly influence morbidity, mortality, 

and healthcare resource allocation (White et al., 2025) . AI-driven laboratory systems enable high-throughput data 

processing, early disease detection, and predictive analytics (Veseli, Mehrabanian, & Ammar, 2025),  thereby 

enhancing population-level disease control and supporting precision medicine initiatives (Zhou et al., 2025; World 

Health Organization, 2024). Moreover, AI has demonstrated potential to reduce diagnostic errors, optimize 

workflow efficiency, and address workforce shortages, which are critical challenges in both high-resource and 

resource-limited settings (Gilligan, 2025). 

Globally, the adoption of AI in laboratory diagnostics is expanding rapidly, driven by increasing digitization of 

healthcare systems and the growing volume of diagnostic data (Saul, 2025) . International efforts, particularly by 

the World Health Organization, highlight the importance of ensuring equitable access, ethical governance, and 

standardized implementation of AI technologies to prevent widening health disparities (World Health Organization, 

2024) . Despite promising advancements, global implementation remains uneven, with low- and middle-income 

countries facing barriers such as limited infrastructure, lack of validated datasets, and regulatory challenges. 

Despite the rapid growth of AI applications, several critical gaps persist in the current body of literature. Many 

studies are limited by small, non-representative datasets, lack of external validation, and potential biases in algorithm 

development, which restrict generalizability across diverse populations (Suleman et al., 2025). There is 

heterogeneity in reported performance metrics and insufficient evaluation of real-world clinical utility, workflow 

integration, and cost-effectiveness (Yu et al., 2022). Ethical concerns, including data privacy, transparency of 

“black-box” models, and algorithmic bias, remain inadequately addressed, further limiting clinical adoption (Lippi 

& Plebani, 2025) . Importantly, few systematic syntheses comprehensively evaluate AI performance across the full 

spectrum of laboratory workflows while simultaneously considering diagnostic accuracy, operational efficiency, 

and clinical impact (Szumilas et al., 2024). Artificial intelligence has also been increasingly applied in biomarker 
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analysis, improving the interpretation of complex laboratory data and supporting diagnostic decision-making 

(Seliverstov et al., 2024)  

In light of these gaps, this study aims to systematically review the applications of artificial intelligence in clinical 

laboratory diagnostics, with a focus on three key domains: diagnostic accuracy, workflow efficiency, and clinical 

utility. Specifically, the objectives are to (1) evaluate the diagnostic performance of AI-based laboratory tools 

compared to conventional methods and human experts; (2) assess the impact of AI on laboratory workflow 

processes, including turnaround time and operational efficiency; and (3) synthesize evidence on the clinical utility 

and real-world applicability of AI in improving patient outcomes and healthcare delivery. 

METHODOLOGY 

Study Design 

This systematic review was conducted in accordance with the Preferred Reporting Items for Systematic Reviews 

and Meta-Analyses (PRISMA) guidelines to ensure methodological rigor, transparency, and reproducibility. The 

review protocol was registered in the International Prospective Register of Systematic Reviews (PROSPERO) 

(Registration No.: CRD420261379141), providing a publicly accessible record of the study methods and minimizing 

the risk of duplication and reporting bias. The study synthesized evidence on artificial intelligence (AI) applications 

in clinical laboratory diagnostics, focusing on diagnostic accuracy, workflow efficiency, and clinical utility, 

consistent with the predefined study objectives. 

Eligibility Criteria 

Studies were selected based on predefined eligibility criteria guided by the PICOS framework. The population of 

the studies selected included human subjects undergoing clinical laboratory diagnostic testing in any healthcare 

setting. The intervention involved AI techniques such as machine learning, deep learning, and related computational 

models applied within laboratory diagnostics. Comparators included conventional laboratory methods or expert 

human interpretation where applicable. Outcomes of interest comprised diagnostic accuracy measures (e.g., 

sensitivity, specificity, area under the curve), workflow efficiency indicators (e.g., turnaround time, automation), 

and clinical utility outcomes (e.g., impact on clinical decision-making or patient outcomes). Eligible study designs 

included diagnostic accuracy studies, observational studies, and clinical trials published within the last 13 years. 

Review articles, editorials, conference abstracts without full texts, animal studies, and studies lacking relevant 

outcomes were excluded. 

Information Sources and Search Strategy 

A comprehensive literature search was conducted across multiple electronic databases, including 

PubMed/MEDLINE, Scopus, Web of Science, and the Cochrane Library. Additional sources, including grey 

literature and reference lists of included studies, were also screened to ensure comprehensive coverage. The search 

strategy incorporated a combination of controlled vocabulary (e.g., MeSH terms) and free-text keywords such as 

“artificial intelligence,” “machine learning,” “clinical laboratory,” “diagnostics,” “accuracy,” and “workflow 

efficiency.” Boolean operators (AND, OR) were used to refine the search strategy. The complete search strategy is 

provided in Appendix A. 
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Study Selection 

 

Figure 1. PRISMA Flow Diagram of Study Selection Process  

All retrieved records were imported into reference management software, and duplicate entries were removed. A 

total of 420 records were identified through database searching, with an additional 30 records obtained from other 

sources, yielding 450 records overall. After duplicate removal, 360 unique records remained and were screened 

based on titles and abstracts by two independent reviewers. Of these, 280 records were excluded for not meeting the 

inclusion criteria. The full texts of 80 potentially eligible studies were then assessed. Following full-text review, 15 

studies were excluded for specific reasons, including lack of focus on laboratory diagnostics (n = 5), insufficient 

outcome data (n = 4), non-AI or unclear methodology (n = 3), duplicate or overlapping datasets (n = 2), and absence 

of full-text availability (n = 1). Ultimately, 65 studies met the inclusion criteria and were included in the final 

synthesis. Any disagreements between reviewers were resolved through discussion or consultation with a third 

reviewer. The study selection process was documented using a PRISMA flow diagram. 

Data Extraction 

Data were extracted using a standardized and pilot-tested data extraction form to ensure consistency and 

completeness. Extracted information included study characteristics (author, year, country, study design), population 

details, type of AI model used, and application domain within laboratory diagnostics. Additionally, key outcomes 

such as diagnostic performance metrics (e.g., sensitivity, specificity, AUC), workflow efficiency indicators (e.g., 

turnaround time), and measures of clinical utility were recorded. Data extraction was conducted independently by 

two reviewers, and discrepancies were resolved through consensus. 
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Quality Assessment 

The methodological quality and risk of bias of included studies were assessed using validated appraisal tools 

appropriate to the study design. Diagnostic accuracy studies were evaluated using the QUADAS-2 tool, while 

observational studies were assessed using the Newcastle-Ottawa Scale. This process ensured the reliability and 

validity of the synthesized evidence. Disagreements during quality assessment were resolved through discussion 

among reviewers. 

Data Synthesis 

A narrative synthesis was conducted to summarize and integrate findings across studies, structured around the three 

main domains of interest: diagnostic accuracy, workflow efficiency, and clinical utility. Where sufficient clinical 

and methodological homogeneity existed, quantitative synthesis (meta-analysis) was considered. Statistical 

heterogeneity was assessed using the I² statistic, and subgroup analyses were explored based on AI methodology, 

laboratory domain, and population characteristics. This approach allowed for both qualitative and quantitative 

interpretation of findings. 

Ethical Considerations 

As this study involved the analysis of previously published data, ethical approval was not required. However, the 

review adhered to principles of research integrity, transparency, and proper attribution of all sources. The conduct 

and reporting of this study followed established international standards for systematic reviews. 

RESULTS 

Diagnostic Accuracy of AI in Clinical Laboratory Diagnostics 

Across the included studies, artificial intelligence (AI) consistently demonstrated strong diagnostic performance 

across diverse clinical laboratory applications, often outperforming conventional methods or matching expert-level 

interpretation. Several studies reported high diagnostic accuracy using machine learning models applied to 

laboratory biomarkers. For instance, Szumilas et al. (2024) reported a diagnostic accuracy of 74.3% with 100% 

sensitivity for emergency cases using an AI-based clinical decision support system. Similarly, Gözgöz et al. (2025) 

achieved an AUC of 0.902 and accuracy of 0.830 for predicting oligoclonal band positivity, outperforming 

conventional IgG index methods. Ni et al. (2025) demonstrated improved diagnostic performance (AUC up to 0.86) 

when integrating laboratory biomarkers such as BRAFV600E mutation abundance with clinical data. 

High-performing AI systems were also observed in genomics and molecular diagnostics, where Gröschel et al., 

(2021)  reported AUC values of 0.89–0.96 for predicting tuberculosis drug resistance using whole genome 

sequencing. Likewise, Liu et al.,(2025) achieved accuracy of 97.49% in detecting tuberculosis using routine 

laboratory indicators. In hematology and routine laboratory testing, Uçucu and Azik (2024) showed that artificial 

neural networks outperformed traditional indices in differentiating iron deficiency anemia from β-thalassemia, while 

Gunčar et al. (2018) demonstrated that machine learning achieved up to 88% accuracy when considering top 

differential diagnoses.  

AI also showed strong performance in cancer diagnostics and biomarker discovery. Goebel et al. (2020) reported 

95.6% accuracy for early-stage lung cancer detection using blood biomarkers, while Xie et al. (2021) achieved an 

AUC of 0.989 for early lung cancer detection using metabolomics. Chen et al. (2024) and Yangzi Chen et al. (2024) 

similarly reported excellent diagnostic performance (AUC ≈ 0.96) using metabolomic biomarkers for gastric cancer. 

In infectious diseases, multiple studies confirmed high diagnostic accuracy using routine laboratory data. Similarly, 

machine learning models utilizing routine blood and biochemical markers have demonstrated high diagnostic 

accuracy in neurological disease classification (Ning et al., 2025).  Kukar et al. (2021) achieved AUC of 0.97 for 

COVID-19 detection, while Brinati et al. (2020) demonstrated 82% accuracy using blood biomarkers. Yang et al. 
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(2020) further showed that ML models could identify false-negative COVID-19 cases, enhancing diagnostic 

sensitivity. 

Advanced AI models integrating multi-modal data (laboratory, imaging, and clinical data) demonstrated superior 

performance. Zhen et al. (2020) achieved AUC values up to 0.998 for liver tumor classification, while Ardila et al. 

(2019) reported AUC of 0.944 for lung cancer detection using imaging data. These findings demonstrate that AI 

models consistently achieve high diagnostic accuracy (AUC often >0.85–0.95) across a wide range of diseases, 

particularly when integrating multi-analyte laboratory data. 

Workflow Efficiency in Laboratory Diagnostics 

AI integration significantly improved laboratory workflow efficiency by reducing turnaround time, automating 

interpretation, and optimizing resource utilization. Several studies demonstrated substantial reductions in diagnostic 

time and workload. Szumilas et al. (2024) reported a 41.6% reduction in unnecessary medical visits, while Seungmin 

Lee et al. (2024) The substantial reduction in turnaround time demonstrates the potential of AI to streamline 

laboratory workflows, which is particularly valuable in high-demand or resource-constrained environments. AI also 

enabled rapid and high-throughput diagnostics. Zhang et al. (2025) demonstrated leukemia detection within 5 

minutes using minimal sample volume, and Villota et al. (2025) reduced COVID-19 diagnostic turnaround to under 

2 hours without RNA extraction. 

Automation of laboratory data interpretation was a major efficiency gain. Luo et al. (2016) showed that machine 

learning can predict laboratory results (e.g., ferritin) using existing test data, reducing redundant testing. Similarly, 

Park et al. (2021) and Kraszewski et al. (2021) demonstrated that AI can integrate multi-analyte laboratory data to 

automate disease classification. AI also improved resource allocation and prioritization. Gözgöz et al. (2025) 

highlighted prioritization of high-probability samples, while Rawson et al. (2019) and Yang et al. (2020) 

demonstrated efficient triage using minimal laboratory variables. 

In large-scale systems, AI facilitated real-time clinical decision support. Chang et al. (2025) showed reduced time 

to critical interventions in emergency departments, while Meyer et al. (2018) demonstrated real-time prediction of 

ICU complications. Overall, artificial intelligence contributes to improved efficiency in laboratory practice by 

reducing turnaround time, enabling automated data interpretation, minimizing unnecessary testing, and enhancing 

overall laboratory throughput. 

Clinical Utility and Impact on Patient Care 

AI applications demonstrated significant clinical utility by improving decision-making, enabling early diagnosis, 

and supporting personalized medicine. Several studies highlighted early disease detection and risk stratification. 

Tomašev et al. (2019) predicted acute kidney injury up to 72 hours in advance, while Lev-Tzion et al. (2025) 

identified biomarker changes years before Crohn’s disease diagnosis. Yan et al. (2020) and Karthikeyan et al. (2021) 

showed early mortality prediction in COVID-19 patients using laboratory biomarkers. 

AI also supported personalized and precision medicine. Ma et al. (2026) enabled individualized prognostic 

prediction in breast cancer, while Lewis and Kemp (2021) used multi-omics data to predict radiation resistance. 

Januzzi et al. (2025) demonstrated effective cardio-kidney risk stratification using biomarker-driven ML models. In 

oncology, AI improved screening and treatment planning. Hornbrook et al. (2017) enabled early colorectal cancer 

detection up to 360 days before diagnosis, while Wang et al. (2019) predicted ovarian cancer recurrence using 

imaging biomarkers. 

AI-based clinical decision support systems (CDSS) demonstrated strong real-world applicability. Rosen et al. (2025) 

showed reduced complications and improved outcomes following AI-guided colorectal cancer management, while 

Zmudzki et al. (2025) reported high clinician agreement (82.4%) with AI-generated treatment recommendations. 

Additionally, AI enhanced non-invasive diagnostics, reducing reliance on invasive procedures. Cao et al. (2013) 
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predicted liver cirrhosis without biopsy, and Kawakami et al. (2019) enabled ovarian cancer diagnosis using blood 

biomarkers. Despite these benefits, several studies have highlighted important limitations that affect clinical utility, 

including the lack of external validation, data heterogeneity and bias (Luu, 2025), limited generalizability across 

diverse populations, and ongoing regulatory and implementation challenges (Pinsky et al., 2024). 

Evidence from Systematic Reviews and Meta-Analyses 

Systematic reviews consistently support the effectiveness of AI in laboratory diagnostics. Chang et al. (2021) 

reported AUC values up to 0.996 for Alzheimer’s disease diagnosis using AI-integrated biomarkers. Valentidenta 

and Pribadi (2025) demonstrated pooled sensitivity of 92% and specificity of 89% in cardiovascular diagnostics. 

Other reviews (Ashraf et al., 2025; Xie et al., 2024; De Bruyne et al., 2021) emphasize that AI improves diagnostic 

accuracy, workflow efficiency, and clinical decision-making across laboratory workflows. However, 

methodological concerns remain. Miller and Valdes (2025) and Moons et al. (2025) highlight the need for 

standardized validation frameworks, while Alballa and Al-Turaiki (2021) note issues with small datasets and lack 

of real-world implementation. 

DISCUSSION 

This systematic review synthesized current evidence on the application of artificial intelligence (AI) in clinical 

laboratory diagnostics, focusing on diagnostic accuracy, workflow efficiency, and clinical utility. Overall, the 

findings indicate that AI has substantial potential to enhance laboratory medicine; however, important challenges 

related to validation, generalizability, and real-world implementation remain. 

Diagnostic Accuracy: High Performance with Contextual Considerations 

The consistently high diagnostic performance reported across studies suggests that AI models are highly effective 

in identifying complex and multidimensional patterns within laboratory data. This capability is particularly relevant 

in modern laboratory medicine, where large volumes of heterogeneous data require advanced analytical approaches. 

The findings of this review align with previous studies demonstrating that AI can achieve expert-level performance 

in diagnostic tasks, particularly when applied to biomarker-rich datasets (Xie et al., 2024; De Bruyne et al., 2021). 

The main insight emerging from this synthesis is the importance of data integration. AI models that incorporate 

multimodal inputs, such as laboratory biomarkers, clinical parameters, genomic data, and imaging, tend to 

demonstrate superior diagnostic robustness compared to single-modality approaches. This supports the growing 

paradigm of systems-level diagnostics, in which disease characterization is enhanced through the integration of 

diverse biological and clinical signals (Ni et al., 2025; Zhen et al., 2020). 

Despite these promising findings, diagnostic performance remains highly context-dependent. Variability in study 

design, population characteristics, and dataset quality contributes to differences in reported outcomes. Notably, 

studies relying on small or single-center datasets may overestimate performance due to overfitting and limited 

representativeness (Uçucu & Azik, 2024; Gunčar et al., 2018). Furthermore, the absence of standardized reporting 

metrics complicates cross-study comparisons and limits reproducibility. 

Importantly, the limited use of external validation across studies represents a significant methodological gap. Where 

external validation was performed, model performance often declined, indicating sensitivity to population and 

setting-specific factors (Yu et al., 2022). This highlights the need for robust, multicenter validation frameworks to 

ensure that AI models can generalize effectively across diverse clinical environments. 

Workflow Efficiency: Transforming Laboratory Operations 

The integration of AI into laboratory workflows demonstrates considerable potential to improve operational 

efficiency. Rather than merely accelerating individual processes, AI enables a more fundamental transformation of 
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the laboratory testing pathway by automating data interpretation, optimizing resource allocation, and facilitating 

real-time decision support. One of the most notable impacts of AI is its ability to streamline high-throughput 

diagnostic processes. Automated analysis of laboratory data reduces reliance on manual interpretation, thereby 

minimizing human error and increasing consistency in diagnostic outputs (Luo et al., 2016; Park et al., 2021). This 

is particularly valuable in settings with high testing volumes or limited specialized personnel. 

In addition, AI-driven triage systems enhance prioritization of high-risk cases, enabling more efficient allocation of 

laboratory and clinical resources (Rawson et al., 2019; Yang et al., 2020). This function is especially relevant in 

emergency and infectious disease contexts, where timely diagnosis is critical to patient outcomes. However, despite 

these advantages, integration into routine clinical workflows remains limited. Key barriers include challenges 

related to interoperability with existing laboratory information systems, lack of standardized data formats, and 

concerns regarding model transparency and interpretability (Pinsky et al., 2024). Addressing these barriers is 

essential to facilitate widespread adoption and ensure that efficiency gains translate into tangible clinical benefits. 

Clinical Utility: Advancing Early Detection and Personalized Medicine 

Beyond diagnostic performance and operational efficiency, AI demonstrates significant potential to enhance clinical 

decision-making and patient care. The ability of AI models to detect subtle patterns in routinely collected laboratory 

data enables earlier identification of disease and more accurate risk stratification. This review highlights the growing 

role of AI in predictive diagnostics, where models can identify disease risk prior to clinical manifestation. Such 

capabilities are particularly valuable in chronic and progressive conditions, where early intervention can 

significantly improve outcomes (Tomašev et al., 2019; Lev-Tzion et al., 2025). In addition, AI-driven risk 

stratification supports personalized treatment strategies by identifying patients at higher risk of adverse outcomes 

(Yan et al., 2020; Karthikeyan et al., 2021). 

In oncology, AI applications have demonstrated particular promise in early detection and prognostic modeling. By 

integrating biomarker and imaging data, AI systems can enhance screening accuracy and inform treatment planning, 

contributing to improved patient outcomes (Wang et al., 2019; Ardila et al., 2019). Furthermore, the use of non-

invasive, blood-based biomarkers in AI models offers a less invasive alternative to traditional diagnostic procedures, 

improving patient safety and accessibility (Cao et al., 2013; Kawakami et al., 2019). Despite these advances, 

evidence supporting real-world clinical impact remains limited. While many studies demonstrate high predictive 

performance, relatively few evaluate the effect of AI implementation on patient outcomes or healthcare delivery 

(Rosen et al., 2025; Chang et al., 2025). Bridging this gap between model development and clinical application is a 

critical priority for future research. 

Methodological Limitations and Risk of Bias 

This review identified several methodological limitations that may influence the reliability and applicability of 

current evidence. A substantial proportion of included studies utilized retrospective designs, which are inherently 

susceptible to selection bias and may not accurately reflect real-world clinical conditions (Brinati et al., 2020; 

Gadalla et al., 2019). Additionally, issues related to dataset quality and representativeness were frequently observed. 

Small sample sizes, class imbalance, and heterogeneity in laboratory measurements may contribute to biased model 

performance and reduced generalizability (Luu, 2025). These challenges are further compounded by inconsistent 

reporting standards and lack of transparency in model development. 

The limited adoption of standardized validation frameworks also represents a significant concern. Tools such as 

PROBAST+AI have been developed to improve assessment of bias and applicability in AI-based prediction models, 

yet their use remains inconsistent (Moons et al., 2025). Greater adherence to such frameworks is necessary to 

enhance methodological rigor and ensure the reliability of AI applications in laboratory medicine. 
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Implications for Clinical Practice and Future Research 

The findings of this review underscore the transformative potential of AI in clinical laboratory diagnostics, while 

also highlighting key priorities for future research and implementation. First, prospective, multicenter studies are 

needed to validate AI models across diverse populations and healthcare settings, thereby improving generalizability 

and clinical reliability. Second, the adoption of standardized evaluation and reporting frameworks is essential to 

enhance transparency, reproducibility, and comparability across studies. Guidelines such as STARD-AI and 

PROBAST+AI provide valuable tools for improving methodological quality and should be more widely 

implemented (Moons et al., 2025; White et al., 2025). Third, integration into clinical workflows must be prioritized. 

This includes improving interoperability with laboratory information systems, enhancing model interpretability, and 

ensuring that AI outputs are accessible and actionable for clinicians. Without effective integration, the benefits of 

AI are unlikely to be fully realized. Finally, future research should extend beyond diagnostic accuracy to evaluate 

real-world clinical outcomes, cost-effectiveness, and health system impact. Demonstrating tangible benefits in 

patient care and healthcare delivery will be critical for supporting widespread adoption. 

Importantly, these considerations are particularly relevant for low- and middle-income countries, where limitations 

in laboratory infrastructure and workforce capacity persist. AI-assisted diagnostic systems have the potential to 

address these challenges by improving efficiency, expanding access to diagnostic services, and supporting clinical 

decision-making in resource-constrained settings (World Health Organization, 2024). 

Strengths and Limitations of This Review 

This review provides a comprehensive synthesis of AI applications in clinical laboratory diagnostics, integrating 

evidence across diagnostic accuracy, workflow efficiency, and clinical utility. By including a broad range of study 

designs and clinical domains, it offers a holistic perspective on current advancements in the field. However, several 

limitations should be acknowledged. Heterogeneity among included studies limited the feasibility of quantitative 

synthesis, and potential publication bias may have influenced the overall findings. Additionally, given the rapidly 

evolving nature of AI technologies, newer developments may not be fully captured within the scope of this review. 

CONCLUSION 

This systematic review demonstrates that artificial intelligence (AI) has significant potential to transform clinical 

laboratory diagnostics by enhancing diagnostic accuracy, improving workflow efficiency, and strengthening clinical 

decision-making. Across a wide range of clinical applications, AI models consistently achieved high diagnostic 

performance, particularly when integrating multi-analyte laboratory data with clinical, genomic, or imaging 

information. These findings highlight the ability of AI to uncover complex disease patterns and improve diagnostic 

precision beyond conventional methods. In addition to diagnostic accuracy, AI applications were shown to 

substantially improve laboratory workflow efficiency. Automated data interpretation, rapid processing of laboratory 

results, and optimized resource utilization contribute to reduced turnaround times and increased laboratory 

productivity. These advantages are especially relevant in high-throughput and resource-limited settings, where AI 

can support scalable and cost-effective diagnostic services. 

From a clinical perspective, AI demonstrates strong utility in early disease detection, risk stratification, and 

personalized medicine. The ability to predict disease onset, progression, and patient outcomes using routinely 

collected laboratory data underscores the potential of AI to improve patient care and clinical outcomes. Furthermore, 

AI-enabled non-invasive diagnostic approaches may reduce reliance on invasive procedures, enhancing patient 

safety and accessibility of care. Despite these promising findings, several challenges limit the widespread 

implementation of AI in clinical laboratory practice. Many studies are constrained by retrospective designs, small 

or non-representative datasets, and limited external validation, raising concerns regarding generalizability and 

reproducibility. Additionally, issues related to data quality, algorithmic bias, lack of interpretability, and integration 
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into existing laboratory workflows remain significant barriers. Addressing these challenges is essential to ensure the 

safe, equitable, and effective use of AI in healthcare. 

Future research should prioritize prospective, multicenter studies and standardized validation frameworks to 

strengthen the evidence base. Greater emphasis is also needed on real-world clinical outcomes, cost-effectiveness, 

and integration into routine practice. With continued advancements and appropriate regulatory and methodological 

rigor, AI has the potential to become an integral component of clinical laboratory systems, ultimately improving 

diagnostic performance, healthcare efficiency, and patient outcomes. 

RECOMMENDATIONS 

Based on the findings of this systematic review, several recommendations are proposed to advance the development, 

validation, and implementation of artificial intelligence (AI) in clinical laboratory diagnostics. First, future research 

should prioritize prospective, multicenter studies to enhance the generalizability and robustness of AI models. Many 

current studies rely on retrospective and single-center datasets, which limit external validity. Collaborative, multi-

institutional research is essential to ensure that AI systems perform reliably across diverse populations and 

healthcare settings. Second, there is a need for standardized evaluation and reporting frameworks for AI-based 

diagnostic tools. Adoption of established guidelines such as PRISMA, STARD-AI, and PROBAST+AI will improve 

methodological rigor, transparency, and comparability across studies. Consistent reporting of performance metrics 

(e.g., sensitivity, specificity, AUC) is critical for accurate interpretation and benchmarking. Third, future studies 

should emphasize external validation and real-world implementation. AI models must be tested in routine clinical 

environments to assess their practical utility, reliability, and impact on patient outcomes. Integration into laboratory 

information systems and clinical workflows should be a key focus to facilitate adoption. Fourth, greater attention 

should be given to data quality, representativeness, and bias mitigation. Efforts should be made to include diverse 

and well-annotated datasets to reduce algorithmic bias and improve fairness, particularly for underrepresented 

populations and low- and middle-income countries. Fifth, research should expand beyond diagnostic accuracy to 

include clinical outcomes, cost-effectiveness, and health system impact. Evaluating how AI influences decision-

making, patient outcomes, and resource utilization will provide stronger evidence for its value in healthcare systems. 

Finally, policymakers and healthcare institutions should promote ethical governance, regulatory frameworks, and 

capacity building for AI integration. This includes ensuring data privacy, transparency, and accountability, as well 

as investing in infrastructure and workforce training to support sustainable implementation. 
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TABLE 1. COMPREHENSIVE CHARACTERISTICS OF INCLUDED STUDIES 

Author 

(Year) 

Country Study Design Sample 

Size 

Population AI Model Data Type Comparator Key Outcome 

Szumilas et al. 

(2024) 

Poland Prospective 

cohort 

101 ED patients ML (white-

box) 

Lab + clinical Physician 

judgment 

Accuracy 74.3%, Sens 100% 

Gözgöz et al. 

(2025) 

Turkey Retrospective 1,709 Neurology 

patients 

Ensemble 

ML 

CSF + serum Immunoblotti

ng 

AUC 0.902 

Ni et al. 

(2025) 

China Mixed 769+ Thyroid 

cancer 

XGBoost Molecular + 

clinical 

Histopatholog

y 

AUC 0.82–0.86 

Gröschel  et 

al. (2021) 

USA Retrospective 20,408 TB isolates RF, WDNN Genomic DST AUC 0.89–0.96 

Zhang et al. 

(2025) 

China Validation 390+ Leukemia 

patients 

DL 

(CNN+Transf

ormer) 

CSF 

spectroscopy 

Clinical 

diagnosis 

High accuracy 

Uçucu & Azik 

(2024) 

Turkey Retrospective 396 Anemia 

patients 

ANN CBC Clinical 

diagnosis 

Improved accuracy 

Ma et al. 

(2026) 

China Retrospective 

cohort 

4,242 Breast cancer RF, XGBoost EMR + lab Clinical 

outcome 

AUC ~0.89 

Villota et al. 

(2025) 

Ecuador Validation 2,000 COVID 

patients 

RT-LAMP + 

AI 

Swab + serum PCR/ELISA Sens 91%, Spec 92% 

Cao et al. 

(2013) 

China Retrospective 239 Liver disease MLP Lab 

biomarkers 

Clinical 

diagnosis 

AUC 0.942 

Goebel et al. 

(2020) 

USA Retrospective 486 Lung cancer RF-based Blood 

biomarkers 

Imaging/path

ology 

AUC 0.966 

Gunčar et al. 

(2018) 

Slovenia Retrospective 8,233 Hematology 

patients 

RF Lab panels Specialist 

diagnosis 

Accuracy 88% 

Kawakami et 

al. (2019) 

Japan Retrospective 435 Ovarian 

cancer 

RF, GBM Blood 

biomarkers 

Histopatholog

y 

AUC 0.978 

Xie et al. 

(2021) 

China Case-control 153 Lung cancer Naïve Bayes Metabolomics Clinical 

diagnosis 

AUC 0.989 

Kukar et al. 

(2021) 

Slovenia Retrospective 5,333 COVID 

patients 

XGBoost Blood tests PCR AUC 0.97 

Yang et al. 

(2020) 

China Multi-center 3,356 COVID 

patients 

GBDT Lab + 

demographic 

PCR AUC 0.854 
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Pan et al. 

(2024) 

China Retrospective 6,563 Cardiac 

amyloidosis 

XGBoost Lab 

biomarkers 

Clinical 

diagnosis 

AUC 0.95 

Hornbrook et 

al. (2017) 

USA Case-control 17,000

+ 

CRC patients ML model CBC Clinical 

diagnosis 

AUC ~0.80 

Tomašev et al. 

(2019) 

USA Retrospective 700,00

0+ 

AKI patients RNN EHR + lab Clinical 

diagnosis 

AUC ~0.92 

 

DETAILED CHARACTERISTICS OF ALL INCLUDED STUDIES ARE PRESENTED IN SUPPLEMENTARY TABLE S1   

SUPPLEMENTARY TABLE S1. CHARACTERISTICS OF INCLUDED STUDIES  

Author 

(Year) 

Study Design Sample 

Size 

Population / 

Condition 

AI Model Data Type Comparator Key Outcomes 

Szumilas et al. 

(2024) 

Prospective 

cohort 

101 ED patients ML (white-box) Lab + clinical Physician Accuracy 74.3%, Sens 100% 

Gözgöz et al. 

(2025) 

Retrospective 1,709 Neurological 

(OCB) 

Ensemble ML CSF + serum Immunoblotting AUC 0.902 

Ni et al. (2025) Mixed 769+ Thyroid 

cancer 

XGBoost Molecular + 

clinical 

Histopathology AUC 0.82–0.86 

Gröschel et al., 

2021  

Retrospective 20,408 TB isolates RF, WDNN Genomic DST AUC 0.89–0.96 

Zhang et al. 

(2025) 

Validation 390+ Leukemia DL 

(CNN+Transfor

mer) 

CSF 

spectroscopy 

Clinical 

diagnosis 

High accuracy 

Uçucu & Azik 

(2024) 

Retrospective 396 IDA vs BTM ANN CBC Clinical 

diagnosis 

Improved accuracy 

Ma et al. 

(2026) 

Retrospective 

cohort 

4,242 Breast cancer RF, XGBoost EMR + lab Clinical outcome AUC ~0.89 

Villota et al. 

(2025) 

Validation 2,000 COVID-19 RT-LAMP + AI Swab + serum PCR/ELISA Sens 91%, Spec 92% 

Cao et al. 

(2013) 

Retrospective 239 Liver cirrhosis MLP Lab 

biomarkers 

Clinical 

diagnosis 

AUC 0.942 

Goebel et al. 

(2020) 

Retrospective 486 Lung cancer RF-based Blood 

biomarkers 

Imaging/patholo

gy 

AUC 0.966 
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Gunčar et al. 

(2018) 

Retrospective 8,233 Hematologic 

diseases 

RF Lab panels Specialist Accuracy up to 88% 

Chang et al. 

(2021) 

Systematic 

review 

— Alzheimer’s 

disease 

Multiple ML Biomarkers Clinical 

diagnosis 

AUC 0.73–0.996 

Seungmin Lee 

et al. (2024) 

Prospective ~600+ POCT DL 

(CNN+LSTM) 

LFA images Standard assay Accuracy ~97% 

Parmar et al. 

(2015) 

Retrospective 196 Head & neck 

cancer 

RF, SVM Radiomics Clinical 

outcomes 

AUC ~0.67 

Kawakami et 

al. (2019) 

Retrospective 435 Ovarian 

cancer 

RF, GBM Blood 

biomarkers 

Histopathology AUC 0.978 

Lewis & 

Kemp (2021) 

Retrospective 915 Cancer 

(radiation 

response) 

GBM Multi-omics Clinical 

outcomes 

AUC 0.906 

Xie et al. 

(2021) 

Case-control 153 Lung cancer Naïve Bayes Metabolomics Clinical 

diagnosis 

AUC 0.989 

Poss et al. 

(2020) 

Case-control 674 CAD RF Lipidomics Clinical 

diagnosis 

Improved prediction 

Brinati et al. 

(2020) 

Retrospective 279 COVID-19 RF Blood tests PCR Accuracy 82% 

DeGroat et al., 

2024  

Retrospective 71 CVD Ensemble ML Transcriptomic

s 

Clinical 

diagnosis 

Accuracy ~96% 

Apostolopoulo

s et al. (2020) 

Retrospective 3,905 COVID-19 CNN Imaging Clinical 

diagnosis 

Accuracy 99% 

Laguarta et al. 

(2020) 

Retrospective 5,320 COVID-19 CNN Audio Clinical 

diagnosis 

AUC 0.97 

Rim et al. 

(2020) 

Cross-sectional 236,257 Systemic 

biomarkers 

DL (VGG16) Retinal 

imaging 

Lab biomarkers R² up to 0.83 

Wang et al. 

(2020) 

Prospective 654 Liver fibrosis DL radiomics Imaging + lab Biopsy AUC 0.97–0.98 

Chen et al. 

(2024) 

Multicenter 702 Gastric cancer RF Metabolomics Clinical 

diagnosis 

AUC 0.967 

Calvert et al. 

(2016) 

Retrospective — Sepsis ML model Clinical + lab Clinical 

diagnosis 

AUC 0.83 

Tomašev et al. 

(2019) 

Retrospective 700,000+ AKI RNN EHR + lab Clinical 

diagnosis 

AUC 0.92–0.93 

Ardila et al. 

(2019) 

Retrospective 6,716 Lung cancer DL (CNN) Imaging Radiologists AUC 0.944 
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Poplin et al. 

(2018) 

Retrospective 284,000+ CVD risk CNN Retinal images Clinical 

outcomes 

AUC 0.97 

Zhang et al. 

(2004) 

Case-control 645 Ovarian 

cancer 

SVM Proteomics CA125 Sens 74%, Spec 97% 

Yan et al. 

(2020) 

Retrospective 485 COVID 

mortality 

XGBoost Lab 

biomarkers 

Clinical 

outcomes 

>90% accuracy 

Karthikeyan et 

al. (2021) 

Retrospective 370 COVID 

mortality 

NN Lab 

biomarkers 

Clinical 

outcomes 

AUC 0.989 

Rajkomar et 

al. (2018) 

Retrospective 216,221 Hospital 

outcomes 

DL EHR + lab Clinical 

outcomes 

AUC 0.93–0.94 

Luo et al. 

(2016) 

Retrospective 5,128 Ferritin 

prediction 

RF Lab tests Lab measurement AUC 0.96–0.97 

Park et al. 

(2021) 

Retrospective 5,145 Multi-disease Ensemble ML Lab data Clinical 

diagnosis 

Accuracy ~93% 

Weng et al. 

(2017) 

Cohort 378,256 CVD ML models Lab + clinical Risk scores AUC ~0.76 

Yao et al. 

(2020) 

Retrospective 137 COVID 

severity 

SVM Blood + urine Clinical severity Accuracy 81% 

Botlagunta et 

al. (2023) 

Retrospective 1,449 Breast cancer Decision tree Blood 

biomarkers 

Clinical 

diagnosis 

AUC 0.87 

Gadalla et al. 

(2019) 

Case-control 183 UTI RF, SVM Urinary 

biomarkers 

Culture AUC ~0.82 

Kukar et al. 

(2021) 

Retrospective 5,333 COVID XGBoost Blood tests PCR AUC 0.97 

Zhen et al. 

(2020) 

Retrospective 1,210 Liver tumors CNN Imaging + lab Pathology AUC up to 0.998 

Wang et al. 

(2019) 

Retrospective 245 Ovarian 

cancer 

DL Imaging Clinical 

outcomes 

AUC 0.825 

Meyer et al. 

(2018) 

Retrospective 47,000+ ICU 

complications 

RNN Clinical + lab Clinical 

outcomes 

High accuracy 

Muro et al. 

(2021) 

Cohort 24,815 COPD XGBoost Lab + clinical Clinical 

diagnosis 

AUC 0.956 

Kraszewski et 

al. (2021) 

Retrospective 702 IBD RF Lab 

biomarkers 

Clinical 

diagnosis 

Precision up to 97% 
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Jawad et al. 

(2024) 

Retrospective 48,841 Mortality 

prediction 

ML models Lab 

biomarkers 

Clinical 

outcomes 

AUC 0.85–0.93 

Zhang et al. 

(2024) 

Retrospective 2,451 ICU infections Clustering ML Lab + clinical Clinical 

outcomes 

Risk stratification 

Kaneko et al. 

(2021) 

Retrospective 229 Aldosteronism RF Blood 

biomarkers 

Clinical 

diagnosis 

AUC 0.99 

Rawson et al. 

(2019) 

Prospective 104 Infection SVM Lab 

biomarkers 

Clinical 

diagnosis 

AUC 0.84 

Hornbrook et 

al. (2017) 

Case-control 17,000+ CRC ML model CBC Clinical 

diagnosis 

AUC ~0.80 

Yang et al. 

(2020) 

Multi-center 3,356 COVID GBDT Lab + clinical PCR AUC 0.854 

Pan et al. 

(2024) 

Retrospective 6,563 Cardiac 

amyloidosis 

XGBoost Lab 

biomarkers 

Clinical 

diagnosis 

AUC 0.95 

Guan et al. 

(2021) 

Retrospective 1,270 COVID 

mortality 

XGBoost Lab 

biomarkers 

Clinical 

outcomes 

AUC >0.90 

Lev-Tzion et 

al. (2025) 

Cohort 8,630 Crohn’s 

disease 

ML Lab 

biomarkers 

Clinical 

diagnosis 

AUC 0.70 

Ning et al. 

(2025) 

Retrospective 33,000+ Neurological 

diseases 

XGBoost Lab 

biomarkers 

Clinical 

diagnosis 

AUC 0.978 

Liu et al. 

(2025) 

Retrospective 3,829 TB XGBoost Lab 

biomarkers 

Clinical 

diagnosis 

Accuracy 97% 

Schwartz et al. 

(2025) 

Retrospective 4,076 Lung cancer 

risk 

CatBoost Blood 

biomarkers 

Clinical 

diagnosis 

AUC 0.787 

Koloi et al. 

(2024) 

Cohort 3,316 CAD RF, GB Lab + clinical Clinical 

diagnosis 

AUC up to 0.87 

Yan et al. 

(2024) 

Retrospective 363 CRC vs 

polyps 

XGBoost Lab 

biomarkers 

Clinical 

diagnosis 

AUC 0.869 

Huang et al. 

(2023) 

Cohort 6,196 NAFLD ML models Lab + clinical Clinical 

diagnosis 

AUC ~0.81 

Rosen et al. 

(2025) 

Cohort 18,403 CRC surgery ML-CDSS Clinical + lab Standard care Improved outcomes 

Chang et al. 

(2025) 

Observational 37,632 ED patients ML-CDSS Clinical + lab Standard care AUC up to 0.95 

Dong et al. 

(2025) 

Cohort 4,950 CVD ML models Lab 

biomarkers 

Clinical 

outcomes 

AUC ≥0.90 
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Liu et al. 

(2025) 

Prospective 1,606 SFTS MLP Lab + clinical Clinical 

outcomes 

AUC 0.917 

Tang et al. 

(2025) 

Prospective 2,937 Vertigo XGBoost Lab + clinical Clinical 

diagnosis 

AUC 0.947 

Ghayad et al. 

(2022) 

Prospective 6,599 LDL 

prediction 

KNN Lab + 

demographic 

Lab assay ICC >0.9 

Januzzi et al. 

(2025) 

Validation — DKD ML model Lab 

biomarkers 

Clinical 

outcomes 

C-statistic 0.80 

Chen et al. 

(2025) 

Multicenter 2,196 Preeclampsia ML ensemble Lab + clinical Clinical 

diagnosis 

Sens 72% 

 

 TABLE 2. DIAGNOSTIC PERFORMANCE OF AI MODELS 

Study Disease Accuracy Sensitivity Specificity AUC 

Gözgöz et al. (2025) OCB 0.83 0.71 0.91 0.902 

Gröschel et al., 2021  TB — 0.91–0.93 >0.96 0.89–0.96 

Xie et al. (2021) Lung cancer — 0.981 1.00 0.989 

Kukar et al. (2021) COVID-19 — 0.819 0.979 0.97 

Cao et al. (2013) Cirrhosis 0.899 0.952 0.842 0.942 

Pan et al. (2024) Cardiac amyloidosis — 0.92 0.95 0.95 

Yan et al. (2024) CRC 0.79 0.82 — 0.869 

Goebel et al. (2020) Lung cancer 0.956 0.891 0.977 0.966 

 

TABLE 3. WORKFLOW EFFICIENCY OUTCOMES 

Study AI Application Outcome 

Szumilas et al. (2024) CDSS ↓ 41.6% unnecessary visits 

Seungmin Lee et al. (2024) POCT AI TAT reduced to 1–2 min 
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Zhang et al. (2025) DL-SERS Diagnosis in 5 min 

Villota et al. (2025) COVID POC <2 hours turnaround 

Luo et al. (2016) Lab prediction Reduced redundant tests 

Chang et al. (2025) ED CDSS Faster interventions 

 

TABLE 4. CLINICAL UTILITY 

Study Application Clinical Impact 

Tomašev et al. (2019) AKI Early detection (48–72 hrs) 

Lev-Tzion et al. (2025) Crohn’s Preclinical detection 

Yan et al. (2020) COVID mortality Early risk stratification 

Hornbrook et al. (2017) CRC Early detection (6–12 months) 

Rosen et al. (2025) Cancer CDSS Reduced complications 

Kawakami et al. (2019) Ovarian cancer Non-invasive diagnosis 

 

 TABLE 5. RISK OF BIAS ASSESSMENT (QUADAS-2 / NOS BASED) 

Study Selection Bias Measurement Bias Validation Overall Risk 

Szumilas et al. (2024) Low Low Moderate Low 

Gözgöz et al. (2025) Moderate Low High Moderate 

Ni et al., (2025) Moderate Low High Moderate 

Gröschel et al., 2021  Low Low High Low 

Uçucu et al., (2024) Moderate Moderate Low High 

Ma et al., (2026) Moderate Low Moderate Moderate 

Villota et al., (2025) Low Low Moderate Low 

Cao et al., (2013) Moderate Moderate Low High 

Goebel et al., (2020) Low Low Moderate Low 
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TABLE 7. AI MODEL CHARACTERISTICS 

Study Algorithm Input Data Output Validation 

Gröschel et al., (2021)  RF, WDNN Genomic Drug resistance External 

Ni et al., (2025) XGBoost Mutation + clinical Risk prediction External 

Kukar et al., (2021) XGBoost Blood tests COVID diagnosis Internal 

Pan et al., (2024) XGBoost Lab biomarkers Disease classification Internal 

Kawakami et al., (2019) RF, GBM Blood biomarkers Cancer diagnosis Internal 
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