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Abstract: The rapid integration of artificial intelligence (AI) into healthcare has transformed the
design and evaluation of medical information technologies (IT). Yet, systematic and objective methods for
assessing the effectiveness of these technologies remain limited. This study introduces a multi-criteria
decision-making (MCDM) model enhanced by Al to evaluate IT effectiveness in medicine. By merging
analytic hierarchy process (AHP), fuzzy logic, and machine-learning optimization, the model quantifies both
tangible (cost, accuracy, interoperability) and intangible (user satisfaction, ethical compliance,
transparency) dimensions.
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INTRODUCTION

The digitalization of healthcare has created vast ecosystems of interconnected
platforms—from electronic health records to Al-driven diagnostic systems—designed to
enhance patient outcomes and administrative efficiency [Horgan et al, 2023, p. 118].
Governments and private institutions now invest billions annually in medical IT; however,
objective frameworks to measure their effectiveness lag behind technological progress
[Basak & Gomez, 2022, p. 442].

Conventional evaluation tools emphasize financial or operational metrics, neglecting
socio-technical dimensions such as interoperability, ethical compliance, and user
adaptability [Lee et al,, 2021, p. 215]. These omissions can lead to biased investment
decisions and underperforming implementations.

To address this gap, the present research proposes an Al-assisted multi-criteria model
that integrates quantitative metrics with human-centered qualitative insights. The model
operates dynamically, continuously learning from feedback data to adjust the weight of
evaluation criteria. The study’s objectives are:

1.To design a hybrid AI-MCDM framework tailored to healthcare evaluation;

2. To validate the framework using real-world hospital data;

3. To analyze how Al improves transparency, adaptability, and ethical accountability
in technology assessment.
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This investigation contributes to digital-health governance by providing a
scientifically reproducible and ethically responsible evaluation mechanism aligned with the
principles of trustworthy Al [Floridi et al., 2022, p. 94].

LITERATURE REVIEW

1. Evaluating Medical Information Technologies

The evaluation of medical IT encompasses technical, organizational, and clinical
domains [Haider et al., 2022, p. 606]. Common metrics include performance, cost, and
usability, but these fail to capture systemic complexity. Studies show that up to 30 % of IT
projects in hospitals do not meet expected outcomes due to misaligned evaluation models
[Zhang & Pinto, 2023, p. 77]. Hence, multidimensional assessment is vital.

2. Multi-Criteria Decision-Making in Healthcare

MCDM methods—such as AHP, TOPSIS, and VIKOR —offer structured solutions to
complex healthcare choices [Triantaphyllou, 2021, p. 35]. Recent hybridizations combine
fuzzy logic with AHP to manage linguistic uncertainty [Dursun & Karsak, 2020, p. 338].
However, these remain static, unable to learn from evolving data streams.

3. Artificial Intelligence in Evaluation Processes

Al techniques can autonomously extract patterns from performance datasets [Esteva
et al., 2021, p. 1127]. Machine-learning algorithms predict key performance indicators
(KPIs) and adjust evaluation criteria in real time [Singh & Malik, 2023, p. 60]. Al thus
augments MCDM by enhancing precision and reducing subjectivity [Nasiri et al., 2022, p.
305].

4. Ethical and Regulatory Dimensions

The ethical deployment of Al in medicine requires transparency, explainability, and
fairness [Jobin et al.,, 2019, p. 392]. The EU Ethics Guidelines for Trustworthy Al (2021)
highlight the need for accountability mechanisms. Therefore, any evaluation framework
must embed ethical compliance as a measurable criterion.

DISCUSSION

1. Model Architecture

The proposed framework consists of five layers:

1.Data Acquisition - Collects operational, clinical, and financial data.

2. Pre-Processing & Normalization — Ensures comparability across metrics.

3. Fuzzy AHP Module - Generates weighted criteria via expert judgments converted
into fuzzy numbers.

4. Al Optimization Engine — Applies machine learning (e.g., XGBoost) to refine
weight distributions.

5. Decision Interface - Provides dashboards and feedback loops for continuous
learning.

This architecture transforms evaluation into an iterative learning cycle rather than a
one-time audit [Wang et al., 2022, p. 90].

2. Criteria Definition

Criterion Description Indicators

System Performance Reliability, latency, scalability | Uptime %, response time
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Data Integrity

Accuracy, redundancy

Error rate, consistency index

Financial Return

Cost-benefit ratio

ROI, OPEX reduction

User Experience

Clinician & patient satisfaction

SUS score

Ethical Compliance

Fairness, privacy

GDPR adherence score

Adaptability

Model update capacity

Retraining frequency

Table 1. Key criteria for IT effectiveness evaluation.
3. Fuzzy Logic and Weight Computation
Expert opinions (n = 30) were gathered from IT managers and clinicians. Using
triangular fuzzy numbers, pairwise comparisons produced a consistency ratio < 0.08.
Defuzzified weights ranked system performance (0.26) highest, followed by data integrity
(0.22) and user experience (0.18).

4. Machine-Learning Enhancement

A dataset of 560 system evaluations (2022-2024) was used to train three models.
Gradient boosting achieved R2 = 0.93 and RMSE = 0.06, outperforming logistic regression
(R2 = 0.81). Al optimization improved accuracy of predicted effectiveness scores by 21 %
[Chen et al., 2023, p. 60].

5. Feedback and Adaptation

The model’s feedback mechanism adjusts weights automatically when deviations
between predicted and observed effectiveness exceed 10 %. Hospitals observed faster
adaptation to new software updates, reducing evaluation lag from 6 months to 3 weeks [Liu
etal., 2023, p. 66].

6. Ethical and Explainability Integration

Using SHAP analysis, the system visualizes how each criterion influences final scores,
aligning with the XAI principle of interpretability [Amann et al., 2020, p. 244]. Ethical
indicators are scored using a trust-index combining privacy impact and bias metrics.
Average ethical score improved by 17 % after implementation.

RESULTS

1. Empirical Validation

A 12-month pilot in five hospitals (three urban, two regional) compared the Al-
MCDM model with traditional AHP. Participants included 102 IT administrators and 420
clinicians.

Key findings:
Metric Traditional AHP AI-MCDM (Proposed) | Improvement
Consistency Ratio
0.11 0.06 9
(CR) 45% 1
Forecast Accuracy
89 929 18
(ROI) 8% o TOPP
Evaluation Cycle Time | 6 weeks 2 weeks -67 %
Stakeholder
0 0
Satisfaction 80% 93 % +13pp

Table 2. Comparative performance outcomes.
2. Qualitative Feedback
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Respondents reported improved decision confidence and cross-department
communication. Clinicians emphasized that the system’s visual dashboards clarified
complex IT trade-offs and reduced meeting time by 40 %.

3. Correlation Insights

Statistical analysis showed strong positive correlations between user experience and
system performance (r = 0.78, p < 0.01), indicating that technical efficiency directly affects
clinical satisfaction. Ethical compliance also correlated with patient trust (r = 0.64).

CONCLUSION

This study developed and validated an Al-assisted multi-criteria framework for
evaluating medical information technologies. By combining fuzzy AHP and machine
learning, the model achieved superior accuracy, speed, and transparency relative to
conventional methods. Its integration of ethical and explainability components ensures
compliance with trustworthy-Al principles.

Practical implications: Hospital managers can deploy the system as a decision
dashboard for strategic planning, budgeting, and risk assessment. Policy makers can
standardize AI-MCDM as a national benchmark for digital health readiness.

Future work should extend the framework through federated learning to protect data
privacy and incorporate blockchain for auditability. Ultimately, Al-driven multi-criteria
assessment can advance the global goal of safe, efficient, and ethical healthcare
digitalization.
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