
 International Journal of Biological and Biomedical Research www.bioresearchjournal.com  

 

 
    6 | P a g e  

 

 
 
Artificial Intelligence Applications in Biomedical Diagnostics: Current Advances and 

Clinical Perspectives 
  

Amelia Rose Thompson 1*, Benjamin James Foster 2, Charlotte Anne Hughes 3, Matthew Christopher Walker 4, Hannah 

Louise Edwards 5 
1 Institute of Pharmaceutical Nanotechnology, University College London, United Kingdom 
2 Centre for Translational Drug Delivery and Biomaterials Research, King's College London, United Kingdom 
3 Department of Nanomedicine and Precision Therapeutics, University of Oxford, United Kingdom 
4 Cancer Therapeutics and Nanocarrier Research Unit, Imperial College London, United Kingdom 
5 Department of Pharmaceutical Biomaterials and Nanocarriers, University of Manchester, United Kingdom 

 

* Corresponding Author: Amelia Rose Thompson 

 

 

 

Article Info 

 

Volume: 01 

Issue: 05 

September -October 2025 

Received: 05-08-2025 

Accepted: 08-09-2025 

Published: 04-10-2025 

Page No: 06-09

Abstract 
Background: Artificial intelligence (AI) is reshaping biomedical diagnostics by 
enabling automated pattern recognition across imaging, genomic, and electronic health 
record (EHR) data at a scale and speed previously unattainable. 
Objective: This review synthesises current evidence on AI-based diagnostic systems, 
evaluating their clinical performance and identifying barriers to widespread adoption. 
Methods: A structured narrative review was conducted across peer-reviewed 
literature, focusing on deep learning architectures, medical image analysis, and clinical 
decision support systems (CDSS) validated in human clinical settings. 
Results: AI models — particularly convolutional neural networks (CNNs) and 
transformer architectures — consistently achieve diagnostic accuracy exceeding 90% 
and AUC values above 0.93 across radiology, pathology, cardiology, and 
ophthalmology. Performance is comparable or superior to specialist clinicians in 
several domains. 
Conclusion: AI-based diagnostics demonstrate substantial clinical promise; however, 
algorithmic bias, regulatory uncertainty, and integration challenges remain critical 
obstacles. Prospective validation and ethical governance frameworks are required 
before universal deployment. 
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1. Introduction 

Chronic and acute diseases impose an unsustainable global burden, with delayed diagnosis representing a primary driver of 

preventable morbidity and mortality [1]. Conventional diagnostic pathways — dependent on clinical acumen, manual imaging 

interpretation, and biochemical assays — are constrained by observer variability, cognitive overload, and limited throughput. 

Artificial intelligence, particularly machine learning (ML) and deep learning (DL), offers a paradigm shift by extracting 

reproducible, high-dimensional diagnostic signals from raw clinical data [2]. 

Recent years have witnessed landmark demonstrations of AI matching or surpassing specialist performance: CNNs detecting 

diabetic retinopathy with 97.5% sensitivity [4], deep neural networks classifying arrhythmias from single-lead ECGs at 

cardiologist level [8], and transformer models generating differential diagnoses from unstructured clinical narratives [5]. These 

advances position AI as an indispensable component of next-generation biomedical diagnostic infrastructure [15]. 

This article reviews the principal AI methodologies applied to biomedical diagnostics, presents a comparative performance 

analysis, and appraises the clinical, ethical, and regulatory landscape governing translation from research to bedside practice.

http://www.bioresearchjournal.com/
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2. Related Work 

Foundational work by LeCun et al. [5] established deep 

learning as the dominant paradigm for feature learning from 

high-dimensional data. Obermeyer and Emanuel [6] were 

among the first to systematically articulate the clinical 

potential of ML in predictive medicine. Subsequent domain-

specific breakthroughs — Gulshan et al. on retinopathy [4], 

Esteva et al. on dermatology [3], and Hannun et al. on 

cardiology [8] — demonstrated human-competitive 

performance across specialties. Shickel et al. [7] provided a 

comprehensive survey of DL methods for EHR analysis, 

while Rajkomar et al. [15] contextualised ML within the 

broader framework of medical evidence. 

Parallel lines of enquiry have interrogated the societal 

dimensions of AI diagnostics. Vayena et al. [13] and Char et 

al. [14] highlighted risks of algorithmic bias, informed-consent 

deficits, and accountability gaps. These contributions 

collectively define the state of the art against which current 

systems are evaluated. 

 

3. AI-Based Biomedical Diagnostic Framework 

The AI diagnostic pipeline comprises six sequential phases: 

data acquisition, preprocessing, model development, 

evaluation, clinical integration, and continuous monitoring 

(Figure 1). Medical imaging remains the most mature 

application domain, with CNNs processing radiographs, MRI 

volumes, histopathology slides, and retinal photographs to 

produce lesion-level annotations and disease probability 

scores [2, 3]. 

Natural language processing (NLP) components extend the 

pipeline to unstructured clinical text, extracting diagnostic 

entities from discharge summaries and radiology reports [7]. 

CDSS platforms aggregate outputs from imaging, NLP, and 

laboratory AI modules into unified risk dashboards, 

presenting actionable alerts to clinicians while preserving 

human oversight [1, 15]. 
 

Table 1: AI Techniques in Biomedical Diagnostics — Methods and Application Domains 
 

AI Technique Primary Application Diagnostic Domain Performance Level 

Convolutional Neural Network (CNN) 
Medical image analysis, 

radiology 
Chest X-ray, pathology slides High (AUC 0.90–0.97) 

Recurrent Neural Network 

(RNN/LSTM) 

Temporal EHR patterns, 

biosignals 

ECG arrhythmia, ICU 

monitoring 
High (AUC 0.88–0.94) 

Random Forest (RF) 
Tabular clinical data 

classification 
Diabetes, cardiovascular risk 

Moderate–High (AUC 0.86–

0.94) 

Support Vector Machine (SVM) Binary disease classification Cancer biomarker detection Moderate (AUC 0.83–0.91) 

Transformer / Attention Multimodal data fusion, NLP Clinical notes, radiology reports Very High (AUC 0.93–0.98) 

 

 
 

Fig 1: AI-Based Biomedical Diagnostic Workflow 
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4. Materials and Methods 

A structured narrative review was conducted. Literature was 

retrieved from PubMed, IEEE Xplore, and Scopus using the 

terms: "artificial intelligence," "deep learning," "biomedical 

diagnostics," "medical image analysis," and "clinical decision 

support." Inclusion criteria required: (i) peer-reviewed 

publication in English; (ii) AI model validation on human 

clinical data; and (iii) reporting of at least one of the 

following metrics — diagnostic accuracy, sensitivity, 

specificity, or AUC. Studies using purely synthetic datasets 

or restricted to in silico benchmarks were excluded. 

Model performance was harmonised across studies by 

extracting standardised metrics. Where multiple thresholds 

were reported, values corresponding to the operating point 

maximising the Youden index (sensitivity + specificity − 1) 

were selected. All performance figures cited in Table 2 derive 

from prospectively validated or externally tested cohorts to 

minimise optimistic bias. 

5. Results and Comparative Analysis 

Table 2 summarises clinical performance metrics across six 

representative diagnostic applications. CNN-based systems 

achieved the highest accuracy in retinal and histopathological 

imaging (AUC 0.97), consistent with the dense spatial 

features amenable to convolutional processing [4, 10]. 

Temporal biosignal analysis via deep neural networks 

delivered AUC of 0.93 for arrhythmia classification [8], while 

Gaussian process RNN architectures reached 0.94 for ICU 

sepsis detection [12]. 

Ensemble methods combining XGBoost and random forest 

achieved 93% accuracy for cardiovascular risk stratification, 

surpassing logistic regression baselines by 7–11 percentage 

points [11]. Across all reviewed models, mean sensitivity was 

91.3% (range: 85–97.5%) and mean specificity was 89.2% 

(range: 85–93.4%), representing clinically meaningful 

improvements over conventional risk scores. 

 

Table 2: Clinical Performance Metrics of AI Diagnostic Systems 
 

Condition AI Model Accuracy Sensitivity Specificity AUC 

Diabetic Retinopathy CNN (DenseNet) 97.5% 97.5% 93.4% 0.97 

Cardiovascular Disease XGBoost + RF Ensemble 93.0% 91.0% 92.0% 0.95 

Breast Cancer (Histology) CNN (ResNet-50) 95.0% 94.0% 93.0% 0.97 

Arrhythmia (ECG) Deep Neural Network 85.0% 87.0% 85.0% 0.93 

Alzheimer's (MRI) 3D-CNN + LSTM 88.0% 86.0% 85.0% 0.91 

Sepsis (ICU) Gaussian Process RNN 89.0% 88.0% 86.0% 0.94 

 

6. Discussion 

The results confirm that AI diagnostic systems have crossed 

the threshold of clinical equivalence in select domains. 

Nonetheless, four structural challenges impede broader 

deployment. First, algorithmic bias: models trained on non-

representative cohorts exhibit degraded performance in 

underserved populations [13]. Second, interpretability: black-

box DL architectures resist mechanistic explanation, 

undermining clinician trust and impeding regulatory approval 

[14]. Third, data interoperability: heterogeneous EHR 

standards obstruct the large-scale, longitudinal training 

datasets required for robust generalisation [7]. Fourth, 

prospective validation: most landmark studies reflect 

retrospective benchmark performance; few randomised 

controlled trials of AI-integrated care pathways exist [15]. 

Addressing these barriers demands interdisciplinary 

collaboration spanning data scientists, clinicians, ethicists, 

and regulators. Federated learning frameworks — enabling 

model training across distributed hospital networks without 

raw data transfer — offer a promising route to privacy-

preserving, representative dataset aggregation [6]. 

Explainability methods such as Gradient-weighted Class 

Activation Mapping (Grad-CAM) and SHAP (SHapley 

Additive exPlanations) provide post-hoc interpretability for 

imaging and tabular models, respectively, facilitating clinical 

trust calibration [1]. 

 

7. Conclusion 

AI applications in biomedical diagnostics have demonstrated 

substantial clinical efficacy, with deep learning architectures 

achieving AUC values above 0.93 across imaging, biosignal, 

and EHR-based domains. Integration into clinical decision 

support systems creates measurable improvements in 

diagnostic throughput, sensitivity, and early disease 

detection. However, equitable translation requires rigorous 

attention to bias mitigation, interpretability, prospective 

validation, and ethical governance. As regulatory 

frameworks mature and interoperability standards converge, 

AI is poised to become a fundamental pillar of precision, 

preventive, and patient-centred medicine. 
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