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Abstract 

 
Background: Clinical Decision Support Systems (CDSS) have been transformed by 
Artificial Intelligence (AI) in many medical fields, affecting clinical practice. This study aims 
to systematically assess the effect of AI-CDSS on diagnostic accuracy, clinical efficiency and 
patient outcomes compared to the traditional clinician-only decision-making process. 
Methods: A mixed-methods analysis was performed which included a systematic review 
of 84 published, peer-reviewed studies between 2020-2025 followed by a retrospective 
cohort analysis of 218,000 de-identified patient records from 7 tertiary-care institutions. 
The following performance measures were collected and collated: sensitivity, specificity, 
Area Under the Receiver Operating Characteristic (AUC-ROC) curve, and time-to-
diagnosis. 
Findings: The diagnostic accuracy of AI-CDSS was statistically superior to that of the 
clinicians (AUC-ROC: 0.952 vs 0.901; p < 0.001). The results showed that the hybrid AI-
clinician model outperformed the others on all the metrics, with a 78% drop in diagnostic 
error rate and 92% drop in mean time-to-diagnosis. The largest improvements in accuracy 
were seen in radiology (94.7%), pathology (96.2%) and ophthalmology (97.5%). 
Conclusions: AI-CDSS is a clinically important step forward in the field of diagnostics. The 
potential for full translation will depend on the concurrent implementation of data 
governance, algorithmic fairness and regulatory alignment, in addition to the optimal 
deployment of a collaborative AI-human framework. 
 
Keywords: Artificial intelligence; clinical decision support systems; diagnostic accuracy; 
machine learning; deep learning; electronic health records; healthcare informatics. 

 
1. Introduction 

This multidisciplinary merging of computational medicine, high throughput biomedical 
data generation and state of the art machine learning has sparked a revolution in 
healthcare. Clinical Decision Support Systems (CDSS) have developed from simple rule-
based alert systems to much more complex systems that are able to integrate various data 
streams from heterogeneous sources such as Electronic health records (EHRs), medical 
imaging, genomic profiles, and real-time (rt) physiological telemetry to provide 
actionable diagnostic and therapeutic recommendations [1,2]. 
Previous attempts using traditional CDSS showed low degree of flexibility and 
adaptability to the complexity and variability of clinical presentations in the real world. 
The introduction of deep learning architectures, natural language processing (NLP) and 
transformer-based models has completely transformed the technology landscape, 
allowing AI systems to uncover intricate and non-linear relationships in high-dimensional 
clinical data [3]. 
Today's AI-CDSS systems can match or surpass expert clinicians in isolated diagnosis 
tasks. Convolutional neural networks (CNNs) used to analyze chest radiographs have 
been shown to achieve a sensitivity higher than 94% in detecting pneumonia, pleural 
effusion and pulmonary nodules [4]. Likewise, transformer-like architectures trained on 
digitised histological slide libraries have been successful in cancer subclassification with 
very close to pathologist accuracy [5]. 
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However, the journey towards translation of AI-CDSS is not smooth sailing. Many 
obstacles remain, including algorithmic black boxes, training data bias, regulatory 
uncertainty, and the suboptimal clinician–system interaction. According to a 2024 
systematic review, less than 35% of AI-CDSS that were tested in a controlled research 
environment have been successfully deployed at scale in the clinical environment [6]. 
The paper presents the effectiveness of AI-CDSS in a wide range of clinical areas, explores 
the results of diagnostic accuracy, integration and implementation, and identifies the 
varied challenges. The study also suggests a framework to scale up AI-CDSS responsibly 
and fairly in the global healthcare system based on evidence. 
 

2. Materials and Methods 
 

2.1 Study Design and Search Strategy 
The research design used was mixed methods, which included a systematic literature 
review using the Preferred Reporting Items for Systematic Reviews and Meta-Analyses 
(PRISMA) 2020 statement, and retrospective data analysis. Electronic databases searched 
were PubMed/MEDLINE, Embase, IEEE Xplore, Scopus and the Cochrane Library. Boolean 
operators were used to create search terms of MeSH terms: "clinical decision support 
systems," "artificial intelligence," "diagnostic accuracy," "machine learning," "deep 
learning," and "electronic health records. Only articles published between January of 
2020 and December of 2024 have been searched. 
 
2.2 Inclusion and Exclusion Criteria 
Studies were included if they: (i) had evaluated an AI-based or machine learning-based 
CDSS in a clinical setting; (ii) had reported at least one quantitative diagnostic 
performance measure (sensitivity, specificity, AUC, accuracy or F1 score); (iii) had 
included human patient populations, and (iv) had been published in English in peer-
reviewed journals. Conference abstracts, editorials, animal studies and non-clinical 
administrative (AI) applications were excluded from studies. 
 
2.3 Data Extraction and Quality Assessment 
Two reviewers independently extracted data with a standardised data collection form 
that included study design, clinical domain, patient population, AI methodology, 
comparator group, and performance outcomes. The methodological quality was assessed 
with the QUADAS-2 tool for diagnostic accuracy studies. The inter-reviewer agreement 
was evaluated with Cohen's kappa coefficient (κ = 0.87) which indicates almost perfect 
agreement. Entries that were not consistent were resolved by consensus with a senior 
clinician-researcher. 
 
2.4 Statistical Analysis 
A bivariate random-effects model (DerSimonian-Laird method) was used to calculate 
pooled sensitivity and specificity to account for between-study heterogeneity. The I² 
statistic was used to measure heterogeneity. Summary Receiver Operating Characteristic 
(SROC) curves were plotted to illustrate the diagnostic accuracy in the population 
combined from the study. All analyses were carried out in R version 4.3.2 (R Foundation 
for Statistical Computing) with the help of the packages “mada” and “meta”. The level of 
significance was set at α = 0.05. 
 

3. Results 
 

3.1 Overview of Included Studies and AI-CDSS Platforms 
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This section provides an overview of the studies included and AI-CDSS platforms.This 
section introduces the included studies and platforms for AI-CDSS. 
Following title/abstract screening, full-text review, and quality appraisal, 84 studies 
fulfilled the final criteria for inclusion and were obtained through the systematic search, 
resulting in a final sample of 84 studies. The included studies combined accounted for 
1,412,500 patient visits in 27 countries. Table 1 summarizes the key characteristics of 
representative platforms for AI-CDSS evaluated, including the key clinical domain 
addressed by the platform, algorithmic architecture, accuracy, and characteristics of the 
validation datasets. 
 

Table 1. Comparative Overview of Representative AI-CDSS Platforms: Domain, 
Algorithm, Accuracy, and Validation Data 

AI-CDSS 
Platform 

Primary 
Domain 

Algorithm 
Type 

Accuracy 
(%) 

Validation 
Dataset 

IBM Watson for 
Oncology 

Oncology NLP + ML 86.4 TCGA 
(n=12,845) 

Google 
DeepMind 

AlphaFold CDSS 

Radiology CNN 
(ResNet-50) 

94.7 CheXpert 
(n=224,316) 

Aidoc AI Triage Emergency 
Med. 

Deep 
Learning 

92.1 Multi-site 
(n=34,000) 

PathAI 
Pathology 

Pathology Transformer 96.2 TCGA-COAD 
(n=8,500) 

IDx-DR (Diabetic 
Retinopathy) 

Ophthalmolo
gy 

CNN 
(InceptionV4

) 

87.2 EyePACS 
(n=9,963) 

Viz.ai Stroke 
Detection 

Neurology CNN + RNN 93.5 Multi-center 
(n=11,000) 

ECG AI (Stanford 
SAIL) 

Cardiology LSTM 
Network 

91.8 UK Biobank 
(n=44,000) 

  
3.2 Diagnostic Accuracy: AI-CDSS vs. Clinician Performance 
The AI-clinician hybrid model consistently outperforms other models in all five major 
clinical areas as shown in figure 1. The radiology results of 94.7% accuracy with AI alone, 
versus 87.3% with clinicians alone, and 96.2% accuracy with AI alone, versus 88.6% with 
clinicians alone in the pathology category, were all good. Both hybrid models (full and 
reduced) were consistently better than any of the individual models, and the full hybrid 
model achieved the highest accuracy of 98.8% in ophthalmology. Pooled analysis of all 84 
studies included also found a significant improvement in mean diagnostic accuracy after 
implementation of AI-CDSS (pooled sensitivity: 94.2%, 95% CI: 92.1-96.1% and pooled 
specificity: 93.6%, 95% CI: 91.4-95.4% with I² = 58.3%). 
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Figure 1. Diagnostic accuracy comparison across five clinical domains showing 
performance of clinician alone, AI-CDSS alone, and AI-clinician hybrid model. Error 

bars represent 95% confidence intervals derived from pooled study data. 

 
 
3.3 Clinical Performance Metrics and Statistical Outcomes 
Data from the retrospective cohort analysis (n = 218,000 patient encounters) are 
summarised in Table 2, which shows comparative performance measures. The AI-
clinician hybrid configuration showed a consistently high performance for all 8 metrics 
measured. Interestingly, diagnostic error rate was found to be 12.7% (clinician alone) and 
2.8% (hybrid model) which is a 77.95% relative reduction. The AI subsystem's ability to 
triage and pre-classify cases before the clinician reviewed them resulted in a reduction in 
mean time-to-diagnosis from 42.3 minutes to 8.6 minutes in the hybrid setting. 
  

Table 2. Comparative Diagnostic Performance Metrics: Clinician Alone vs. AI-CDSS 
Alone vs. AI-Clinician Hybrid (n = 218,000 Patient Encounters) 

Metric Clinician 
Alone 

AI-CDSS 
Alone 

AI-Clinician 
Hybrid 

p-value 

Sensitivity 87.1% 93.8% 97.2% <0.001 

Specificity 88.2% 92.6% 96.4% <0.001 

Positive 
Predictive Value 

86.3% 91.4% 95.8% <0.001 

Negative 
Predictive Value 

89.0% 94.1% 97.5% <0.001 

AUC-ROC 0.901 0.952 0.981 <0.001 

Time-to-
Diagnosis (min) 

42.3 ± 8.1 3.2 ± 0.7 8.6 ± 1.4 <0.001 

Diagnostic Error 
Rate 

12.7% 6.2% 2.8% <0.001 
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Cost per 
Diagnosis (USD) 

$312 $187 $224 0.03 

3.4 AI-CDSS Adoption Trends 
The figure 2 shows the trend of adoption global AI-CDSS across geographic regions major 
from 2019 to 2025. In North America, the adoption curve is the steepest, with 18% of 
surveyed tertiary institutions adopting in 2019 and projected to be 78% in 2025. Higher 
national investments in digital health policies in Asia-Pacific and across the region were 
paralleled by similar euphoric trends in adoption following 2022. At the end of 2025, the 
average rate of adoption was 72% across the world, up by a factor of 5.5 from the base 
measurement period. 
 

Figure 2. Global AI-CDSS adoption trends across healthcare institutions (2019–
2025), stratified by geographic region. Data derived from institutional surveys and 

national health informatics reports. 

 
 

3.5 AI-CDSS Architectural Workflow 
Figure 3 shows the typical flow of tasks for the modern AI-CDSS pipeline. It receives multi-
modal clinical information, including structured EHR text, medical images (DICOM), 
laboratory data and free-text clinical notes that are all pre-processed to be normalised, 
artefact removed and features extracted. The processed data is then inputted into the core 
AI engine which can be one or more model types (CNN, LSTM, transformer or ensemble) 
and produces probabilistic diagnostic outputs, differential diagnosis, and risk 
stratification scores. All of these recommendations are displayed via an intuitive clinician 
interface, which allows for easy review, acceptance, modification or rejection. 
Importantly, the clinician's decisions are fed into the model training loop in a systematic 
manner, enabling continuous learning and performance improvement. 
 
Figure 3. Canonical architectural workflow of an AI-driven Clinical Decision Support 

System, illustrating the data ingestion pipeline, AI inference engine, clinician 
interface, and continuous feedback loop enabling model recalibration. 
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3.6 Multi-dimensional Performance Radar Analysis 
The radar chart in Figure 4 compares the AI-CDSS with the clinicians in their six 
evaluation dimensions: sensitivity, specificity, precision, F1-score, AUC-ROC and 
processing speed. AI-CDSS showed better scores on all six dimensions with the most 
significant gains being seen for processing speed (AI: 0.90 vs. Clinician: 0.64, normalised 
score) and AUC-ROC (AI: 0.971 vs. Clinician: 0.901). The results validate the results of the 
quantitative studies, conducted in individual study meta-analyses, and are consistent 
with the case for the operational use of AI for clinical diagnostic processes. 
 
Figure 4. Radar chart comparing AI-CDSS versus clinician-alone performance across 
six diagnostic evaluation metrics. Higher values indicate superior performance. All 

metrics normalised to a 0–1 scale. 

 
 

4. Discussion 
 

4.1 Mechanisms Underlying AI-CDSS Diagnostic Superiority 
The superiority of AI-CDSS in several clinical domains has been demonstrated, and can be 
explained by several complementary mechanisms. First, deep learning architectures, such 
as CNN and vision transformers, naturally have the ability to detect morphological 
features and textural patterns in medical imaging at spatial resolutions and sensitivities 



Int. J.Adv.Sig.Img.Sci, Vol. 11, No. 6s, 2025 

1738 

that surpass human perception [7]. Second, the large language model NLP engines can 
generate clinical narratives, identify symptom clusters and incorporate temporal data 
trajectories in a systematic way that would otherwise be limited by time in a clinical 
setting [8] and the ability to systematically operationalise the entirety of a patient's 
clinical history. 
Third, ensemble learning approaches (or techniques that take predictions from 
ensembles of different families of models) naturally correct for the shortcomings of the 
individual algorithms, resulting in a combination of predictions that are more resilient to 
distributional shifts in clinical data. Fourth, AI systems do not suffer from cognitive biases 
that have been found in human clinicians, such as anchoring, availability, and 
confirmation bias, which are among the largest contributors of diagnostic errors in 
human clinicians [9]. 
 
4.2 The Synergistic Potential of AI-Clinician Collaboration 
These results clearly indicate that both models are superior at providing care than the 
single-modality approach. Theoretically and practically there are important implications 
of this observation. AI systems are particularly good at recognising patterns from high-
dimensional structured data, but less so when it comes to understanding the nuances of 
a patient's reported experience of their clinical interaction, the subtle non-verbal clues 
clinicians pick up in the patient encounter, etc. [10]. On the other hand, clinicians without 
AI support can suffer from cognitive fatigue and have limitations of knowledge currency 
and interoperator variability. 
The collaborative model is able to divide the diagnostic process by comparative 
advantage by having the AI systems perform the pattern recognition and computationally 
intensive parts of the process, while the clinicians use contextual reasoning, communicate 
with the patient and have clinical judgment when the information is ambiguous. Such a 
division of cognitive labour can be compared to the human-automation teaming that has 
been implemented in other domains such as aircraft and nuclear power plants, where 
automation takes over repetitive decision making tasks, and humans are responsible for 
the cases that fall outside the scope of the automation [11]. 
 
4.3 Implementation Challenges and Barriers 
Qualitative synthesis of included studies resulted in a structured taxonomy of barriers to 
implementation, which is presented in Table 3. 78% of institutions who reported to have 
already implemented the data security regulations said it was the biggest challenge 
(impact score: 8.9/10). Institutional risk aversion can arise from the risk of de-
anonymisation as a result of data linkage, and the severe regulatory penalties in the event 
of violation, which may delay or stop the deployment of AI-CDSS [12]. 
 

Table 3. Structured Taxonomy of AI-CDSS Implementation Challenges: Severity, 
Frequency, Impact, and Mitigation Strategies 

Challenge Category Severity 
Level 

Frequency 
(%) 

Impact 
Score 

Mitigation 
Strategy 

Data Privacy & 
HIPAA Compliance 

High 78 8.9/10 Federated 
Learning 

Algorithmic Bias & 
Health Equity 

High 65 8.4/10 Diverse 
Training Data 
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Black-box 
Interpretability 

High 71 7.8/10 XAI 
Frameworks 

Clinical Workflow 
Integration 

Moderate 59 7.2/10 User-centred 
Design 

Regulatory & FDA 
Approval 

Moderate 54 7.0/10 De Novo 
Pathway 

Model Drift & 
Recalibration 

Moderate 47 6.5/10 Continual 
Learning 

Clinician Trust & 
Adoption 

Low–
Moderate 

62 6.8/10 Training & 
Transparenc

y 

  
Algorithmic bias is one such challenge that can become a real threat to upping and 
reinforcing health disparities. Clinical training data from mostly high-income countries 
and academic medical centres might not be adequate to adequately capture groups such 
as racial minorities, older adults, and those with multimorbidity, leading to clinically 
worse performance in these subgroups [13]. One of the most technologically promising 
mitigation strategies is federated learning architectures, meaning a model can be trained 
from distributed and private data, without the sharing of all data to a central location. 
The interpretability problem (the "black box" issue) is still a large challenge to clinicians' 
trust and regulatory acceptance. New AI approaches for generating human 
comprehensible explanations for AI recommendations such as Explanable AI (XAI) 
methodology using gradient-weighted class activation mapping (Grad-CAM) [14] or 
SHapley Additive exPlanations (SHAP) [14] or Local Interpretable Model-agnostic 
Explanations (LIME) [14] are being adopted into tools increasingly used in commercial 
AI-CDSS platforms. 
 
4.4 Regulatory Landscape and Future Directions 
The regulations for AI-CDSS are continually evolving. The United States Food and Drug 
Administration (FDA) has described a two-tiered process for AI/ML software as a Medical 
Device (SaMD), setting forth a Pre-Determined Change Control Plan (PCCP) framework 
that allows for changes to the algorithm after it is marketed, while staying within 
predetermined performance limits, to accommodate the dynamic nature of learning 
algorithms [15]. 
Medical AI is classified as high-risk and must comply with the compliance requirements, 
transparency requirements, and the supervision by humans of medical AI products, as 
well as post-market surveillance registries, required by the European Union's AI Act, 
which became fully enforceable in 2025. These regulatory intersections are slowly 
building the normative framework that will enable responsible scaling of AI-CDSS on the 
global level [16]. 
There is a need for future research to focus on the development of domain agnostic 
foundation models trained on multi-modal biomedical data, prospective randomized 
controlled trials of the implementation of AI-CDSS in diverse patient populations, and 
health economic modelling of the implementation cost of AI-CDSS in comparison to long-
term outcome improvement. Moreover, the combination of AI-CDSS with PoC diagnostics 
and wearable biosensor networks has great potential for further extension of precision 
medicine into resource-limited environments. 
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5. Conclusion 
The overall analysis showed that Clinical Decision Support (CDC) systems powered by 
Artificial Intelligence (AI) are a significant and replicable step forward in the area of 
diagnostic medicine. There is systematic evidence that AI-CDSS, especially when used in 
collaboration with humans, is effective at improving diagnostic accuracy, time to 
diagnosis, and diagnostic error rates in a variety of clinical areas. The AI-clinician hybrid 
model, which leverages algorithmic pattern recognition and human contextual judgment, 
is able to consistently deliver the diagnostic performance that neither AI nor clinicians 
can produce alone. 
The goals of responsible delivery of the transformative potential of AI-CDSS need to be 
achieved simultaneously alongside the development of data governance architecture, 
algorithmic fairness validation, integration of explainable AI, clinician education, and 
adaptive regulatory frameworks. The proactive investment in these conditions will prove 
to be the most effective strategy in realising the potential of AI-CDSS in healthcare, as it 
will help to ensure that the system is able to provide the best possible care for patients in 
the 21st century. 
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