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Абстракт 

В доклада се разглеждат алгоритмите, данните и инженерните предизвикателства при 

прилагането на изкуствен интелект (ИИ) в медицинската диагностика. Представя се 

структуриран преглед на типовете медицински данни (образни, текстови, физиологични), 

моделите за машинно и дълбоко обучение, жизнения цикъл на разработване на AI системи и 

метриките за оценка. Анализирани са етичните, правните и организационните аспекти 

(GDPR, прозрачност, пристрастия), както и практически препятствия при внедряване в 

клинична среда. Целта е да се формулират технически принципи за надеждни, обясними и 

безопасни AI системи, които подпомагат диагностиката, без да заменят клинициста. 

Abstract 

Artificial intelligence (AI) is reshaping medical diagnostics by transforming heterogeneous data-

imaging, clinical text, and physiological signals-into actionable predictions that support clinicians. 

This paper surveys core algorithmic approaches (supervised learning, deep learning, self‑supervised 

and foundation models), data management requirements, and the development lifecycle for diagnostic 

AI systems. We emphasize validation methodologies, calibration and generalization across sites, as 

well as workflow integration and human‑in‑the‑loop oversight. Ethical, legal, and organizational 

challenges are discussed with reference to GDPR, transparency, bias, and accountability. The paper 

distills engineering principles for building reliable, explainable, and safe AI tools that augment, rather 

than replace, clinical expertise. 

Keywords: Medical diagnostics, Artificial intelligence, Machine learning, Medical imaging, Model 

validation 
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Introduction 

Medical diagnostics relies on interpreting complex evidence under uncertainty-radiology images, 

laboratory values, clinical narratives, and vital‑sign trajectories. Over the past decade, advances in 

machine learning (ML) and deep learning (DL) have enabled algorithms to detect patterns that are 

difficult for humans to perceive, especially in high‑dimensional imaging and time‑series data. Despite 

rapid progress in research benchmarks, translating AI into trustworthy clinical tools requires careful 

engineering, rigorous validation, and governance. This paper presents a practice‑oriented synthesis for 

readers with an informatics background. 

We structure the discussion around five pillars: (i) data types and pipelines; (ii) algorithmic methods 

for perception and prediction; (iii) development lifecycle and evaluation; (iv) workflow integration and 
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human oversight; and (v) ethics, regulation, and deployment barriers. The scope is diagnostic support; 

we deliberately avoid therapeutic recommendations or clinical management guidance. 

Medical Data for Diagnostic AI 

Diagnostic AI consumes heterogeneous data. Imaging modalities-X‑ray, CT, MRI, ultrasound, digital 

pathology-provide high‑dimensional visual inputs with varying resolution, noise characteristics, and 

acquisition protocols. Textual data from electronic health records (EHRs)-problem lists, radiology 

reports, discharge summaries-capture clinical context but are unstructured and institution‑specific. 

Physiological signals (ECG, PPG, EEG, respiratory impedance) combine high temporal resolution with 

device‑dependent artifacts. 

Data governance and quality are decisive. Label provenance should be explicit: image‑level labels 

derived from expert reports, region‑level annotations for localization tasks, and patient‑level outcomes 

for prognostic models. Weak supervision (report‑derived labels) scales annotation but introduces noise; 

consensus reading and adjudication reduce bias. Data splitting must be patient‑wise and time‑aware to 

prevent leakage. Cross‑site external validation is essential to estimate generalization under domain shift. 

Interoperability standards facilitate robust pipelines: DICOM for imaging objects and metadata; HL7 

FHIR resources for problems, observations, procedures; and controlled vocabularies such as SNOMED 

CT and LOINC. Privacy‑preserving collaboration-federated learning and secure aggregation-enables 

multi‑center models without centralizing sensitive data. 

Algorithms for Diagnostic Tasks 

Supervised learning remains the workhorse for classification, detection, and segmentation. 

Convolutional neural networks (CNNs) dominate image tasks, while transformers and hybrid 

CNN‑transformer architectures increasingly match or surpass CNN baselines. For text, 

transformer‑based language models fine‑tuned on clinical corpora perform named‑entity recognition, 

report generation, and entailment tasks. For signals, temporal CNNs and recurrent architectures model 

rhythm and morphology. 

Self‑supervised learning (SSL) and foundation models mitigate label scarcity by pretraining on large 

unlabeled datasets, then fine‑tuning for specific tasks. Multi‑modal models combine images, text 

reports, and tabular context to improve discrimination and reduce spurious correlations. Calibration 

techniques (temperature scaling, isotonic regression) convert raw scores into well‑calibrated 

probabilities suitable for decision thresholds. 

Interpretability is task‑dependent. Saliency and attribution maps (Grad‑CAM, integrated gradients) 

provide visual rationales in imaging; prototype‑based networks and concept bottlenecks offer 

human‑interpretable intermediate spaces. Nonetheless, explanation artifacts must be validated, as 

misleading heatmaps can arise from confounders. 

Development Lifecycle and Evaluation 

A disciplined lifecycle spans problem definition, data curation, model development, validation, and 

post‑deployment monitoring. Problem statements should specify intended use, target population, input 

constraints, and acceptable trade‑offs between sensitivity and specificity. Dataset documentation (data 

sheets, model cards) records provenance, inclusion criteria, pre‑processing, and known limitations. 
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Evaluation must go beyond internal cross‑validation. Hold‑out test sets from the same site estimate 

in‑distribution performance; external validation on geographically or temporally distinct cohorts probes 

robustness. Metrics should align with clinical utility: area under the ROC curve (AUC) is insufficient 

alone; sensitivity at fixed specificity, positive and negative predictive values at plausible prevalence, 

decision curve analysis, and calibration error (ECE) are critical. For detection/segmentation, mean 

average precision and Dice/F1 scores are standard. 

Uncertainty quantification and safety are integral. Techniques include deep ensembles, Monte‑Carlo 

dropout, and conformal prediction to bound error rates. Dataset shift monitoring and periodic 

re‑calibration maintain reliability as practice changes. Human‑in‑the‑loop review policies define when 

and how clinicians can override or seek additional data. 

Workflow Integration and Human Oversight 

Embedding AI into clinical workflows requires interoperability with existing systems (PACS/RIS, 

EHR) and careful human factors design. Alerting and worklist triage should prioritize actionable 

findings without inducing alarm fatigue. User interfaces must present concise rationales, uncertainty 

indicators, and links to source data for rapid verification. 

Prospective evaluations-silent mode shadow deployment, randomized workflow studies, and 

stepped‑wedge designs-quantify operational impact on turnaround time, recall rates, and downstream 

testing. Governance boards should oversee updates, monitor performance across subgroups, and ensure 

traceable audit logs. Importantly, AI outputs are decision support; final judgments remain with 

clinicians. 

Ethical, Legal, and Regulatory Considerations 

Diagnostic AI engages sensitive personal data, triggering obligations under GDPR for lawful basis, data 

minimization, purpose limitation, and data‑subject rights. De‑identification and pseudonymization 

reduce risk but do not eliminate re‑identification concerns with rich imaging and text. Transparency 

requirements imply documenting data use and model behavior. 

Fairness requires systematic subgroup analysis by sex, age, ethnicity, and scanner/site characteristics. 

When disparities appear, mitigation strategies include re‑sampling, re‑weighting, domain adaptation, 

and targeted fine‑tuning. Explainability should be fit‑for‑purpose-sufficient for clinician understanding 

without implying unwarranted certainty. 

Regulatory pathways classify many diagnostic AI tools as Software as a Medical Device (SaMD). 

Verification and validation, post‑market surveillance, change control for learning systems, and 

real‑world performance monitoring are essential elements of compliant lifecycle management. 

Future Directions 

Research is converging on multi‑modal, self‑supervised, and foundation models that transfer across 

tasks and institutions with minimal labeled data. Federated learning with secure aggregation will enable 

cross‑hospital collaboration while preserving privacy. Advances in uncertainty estimation and causal 

representation learning promise better generalization and more reliable decision support. 

Operationally, the most sustainable deployments target narrow, high‑impact tasks-standardized image 

quality checks, structured report extraction, or risk triage for defined populations. Success depends on 

clear intended use, transparent reporting, and continuous monitoring, not solely on benchmark accuracy. 
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Conclusion 

AI for medical diagnostics holds significant promise when engineered and governed rigorously. This 

paper synthesized data pipelines, algorithmic methods, evaluation practices, and deployment 

considerations with an emphasis on safety, calibration, and human oversight. Properly designed AI 

systems can enhance diagnostic accuracy and efficiency while respecting privacy, fairness, and 

accountability. 

For practitioners with an informatics background, the path to impactful diagnostic AI lies in disciplined 

problem definition, high‑quality data engineering, robust validation, and thoughtful workflow 

integration. These principles form the foundation for translating research into reliable clinical decision 

support. 
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