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Abstract: In recent years, the integration of artificial intelligence (Al) and data analytics into
medical information systems has redefined healthcare efficiency assessment frameworks. The present study
develops an Al-assisted multi-criteria decision-making (MCDM) model designed to evaluate the effectiveness
of information technologies (IT) in medical contexts. This model combines quantitative metrics (system
performance, data accuracy, cost-efficiency) and qualitative indicators (user satisfaction, ethical compliance,
adaptability) through Al-driven optimization. Using a hybrid approach that merges the Analytic Hierarchy
Process (AHP) with fuzzy inference and machine learning-based sensitivity analysis, the study demonstrates
how Al can minimize human bias and enhance reliability in complex decision environments.
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INTRODUCTION

The healthcare sector is undergoing a digital transformation driven by the convergence
of artificial intelligence (Al), big data analytics, and cloud computing. Medical organizations
increasingly rely on information technologies (IT) to support diagnosis, treatment planning,
patient record management, and resource allocation [Wang et al.,, 2022, p. 87]. Despite
substantial investments in IT systems, evaluating their effectiveness remains a major
challenge due to the complex interplay between technical performance, user behavior, and
organizational goals [Kumar & Zhang, 2021, p. 112].

Traditional performance assessment models in medicine primarily focus on cost-
benefit analysis or service outcomes, which often fail to capture multi-dimensional factors
such as interoperability, security, and user trust [Alotaibi & Federer, 2020, p. 233].
Therefore, multi-criteria decision-making (MCDM) methods have emerged as suitable tools
for balancing diverse evaluation parameters. Yet, the integration of Al techniques within
MCDM frameworks is still in its early stages, offering opportunities for improvement in
precision, automation, and adaptability [Chen et al., 2023, p. 58].

The purpose of this study is to construct an Al-assisted multi-criteria model that
provides a systematic, data-driven method for assessing the effectiveness of medical 1T
systems. The model seeks to overcome three main limitations of existing evaluation methods:

1.Subjectivity of human judgment, which introduces bias in performance weighting;
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of dynamic adaptability in evolving healthcare environments; and
fficulty in quantifying intangible benefits such as ethical compliance and patient
ction.

The proposed model utilizes hybrid Al mechanisms, incorporating fuzzy logic, machine
earning, and AHP-based hierarchical structuring to produce consistent evaluations. By
doing so, it contributes to the global shift toward evidence-based management in digital
medicine [Tian et al., 2024, p. 15].

LITERATURE REVIEW

1. Digital Transformation and IT Effectiveness in Medicine

The application of digital tools in healthcare has advanced dramatically since the early
2010s, ranging from electronic health records (EHRs) to Al-assisted diagnostics and
telemedicine platforms [Raimo et al., 2021, p. 104]. IT effectiveness in this domain can be
interpreted through three primary dimensions: operational efficiency, clinical quality, and
patient-centered outcomes [Heeks, 2020, p. 97]. For instance, efficient data exchange
between hospitals reduces diagnostic delays and medication errors. However, quantitative
performance alone does not ensure technological effectiveness—the socio-technical aspects
of implementation (training, usability, interoperability) remain equally crucial [Carayon &
Hoonakker, 2021, p. 211].

Evaluating IT effectiveness thus requires a holistic and adaptive framework.
Conventional key performance indicators (KPIs), such as system uptime or response speed,
cannot fully capture complex dynamics like decision accuracy or patient satisfaction [Garcia
et al., 2023, p. 121]. Therefore, MCDM approaches such as AHP, TOPSIS, and fuzzy logic
systems have become popular tools for healthcare performance analysis [Dursun & Karsak,
2020, p. 340].

2. Multi-Criteria Decision-Making (MCDM) Methods in Healthcare Evaluation

MCDM is designed to evaluate alternatives based on multiple conflicting criteria. In the
healthcare context, these methods allow balancing technical, economic, and ethical factors
[ Triantaphyllou, 2021, p. 28]. For example, the Analytic Hierarchy Process (AHP) structures
complex decisions into hierarchies, while the Technique for Order Preference by Similarity
to Ideal Solution (TOPSIS) ranks alternatives based on their proximity to the ideal solution.
These models help prioritize IT projects or select optimal technologies [Zavadskas et al.,
2020, p. 455].

However, traditional MCDM techniques depend heavily on expert judgments, which
are often inconsistent or biased [Shamsuzzaman et al., 2022, p. 164]. In medical IT systems,
subjective evaluations can lead to overestimation of user-friendly tools and underestimation
of security features. To mitigate this problem, researchers propose Al-assisted hybrid models
that incorporate fuzzy inference and machine learning optimization to refine decision
weights [Singh & Malik, 2023, p. 59].

3. Role of Artificial Intelligence in Decision Support
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iques such as neural networks, decision trees, and reinforcement learning
tern recognition and predictive analytics, which are highly relevant for evaluating
ctiveness [Rajkomar et al., 2019, p. 134]. In particular, Al can identify correlations
ween system configurations and clinical outcomes that human experts may overlook.
his makes Al a valuable ally in healthcare quality assessment [Esteva et al., 2021, p. 1123].

Fuzzy logic systems, for instance, manage uncertainty and imprecision inherent in
human evaluations by transforming qualitative judgments into quantitative scales [Yazdani
et al.,, 2023, p. 7]. Meanwhile, machine learning can continuously update evaluation weights
based on historical performance data, allowing dynamic adaptability [Zhou et al., 2024, p.
96]. Thus, integrating Al into MCDM creates adaptive decision support systems capable of
learning and refining criteria relationships over time.

4. Ethical and Interpretability Challenges

Despite its potential, Al-based evaluation in medicine raises ethical and interpretability
concerns. The 'black box" nature of some AI models challenges transparency and
accountability [Amann et al., 2020, p. 241]. Ethical Al frameworks therefore emphasize
explainable AT (XAI) and fairness-aware modeling to ensure that algorithmic decisions align
with human values [Jobin et al., 2019, p. 393]. For instance, the European Commission’s 2021
guidelines on trustworthy Al require systems to be transparent, auditable, and robust
against bias [European Commission, 2021, p. 15].

Hence, an effective Al-assisted MCDM model must balance technical precision with
ethical accountability, ensuring that all stakeholders—physicians, IT managers, and
patients—can understand how performance scores are generated [Floridi et al., 2022, p. 88].
In this context, interpretability becomes not only a design feature but a prerequisite for
adoption in clinical environments.

5. The Need for Integrated, AI-Driven Assessment Frameworks

Existing evaluation frameworks often treat IT performance as a static outcome rather
than a learning process. However, medical environments are highly dynamic—new
technologies emerge, user behaviors evolve, and data scales expand exponentially [Liu et al.,
2023, p. 63]. Thus, static models rapidly lose relevance. Integrating Al within MCDM
enables continuous feedback loops, allowing healthcare organizations to adapt assessment
criteria automatically as systems evolve [Nasiri et al., 2022, p. 303].

The combination of AHP (for structural clarity), fuzzy logic (for handling uncertainty),
and Al (for adaptive learning) forms the foundation for the Al-assisted multi-criteria model
proposed in this study. By merging these components, the model aspires to deliver both
mathematical rigor and practical flexibility, suitable for modern healthcare decision-making.

DISCUSSION

1. Conceptual Framework

The proposed Al-assisted multi-criteria model integrates Analytic Hierarchy Process
(AHP), fuzzy inference systems, and machine learning optimization within a feedback-
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itecture (Figure 1). This design enables continuous evaluation of medical IT
rough real-time data and expert feedback.
ore workflow:
[Data Input] — [Knowledge Representation] — [Inference Engine] — [Output
Metrics]
T !

[Feedback Module] « [Expert Adjustment] <« [Performance
Monitoring]|

Figure 1. Closed-loop Al-assisted MCDM model for medical IT evaluation.

In this loop, data from various sources—hospital information systems, patient
feedback, and operational logs—are aggregated and processed by the knowledge
representation module, which uses fuzzy sets to translate linguistic inputs (e.g., “high
reliability,” “moderate usability”) into numerical scores. The inference engine, driven by
machine learning algorithms, identifies relationships between IT variables and outcome
metrics such as efficiency, cost savings, and user satisfaction [Yazdani et al., 2023, p. 11].

The feedback module updates the weight of each criterion as the system learns from
new cases, ensuring adaptability to evolving medical technologies and practices [Zhou et al.,
2024, p. 99]. This continuous learning mechanism reduces dependence on static expert
opinions and aligns the evaluation process with the dynamic nature of healthcare innovation.

2. Selection of Evaluation Criteria

Based on a review of 47 international studies and expert consultations, six major
criteria were defined (Table 1).

M t
No. Criterion Description ezflsuremen
Indicators
1 System Performance Reliab'ﬂ'ity, speed, | Uptime '%, average
scalability response time
5 Data Quality Accuracy, consistency, | Error  rate, ' data
completeness completeness ratio
3 e Finar%cial' ’return and | ROI, cost-per-patient
sustainability record
Staft d tient | SUS, Net P t
4 User Satisfaction a . an patien ’ ¢ romoter
experience Score
5 Ethical Compliance Data privacy, fairness, FEDPR ’ conformity
transparency index, bias score
Model dat
Adaptability & | Ability to self-improve oce Hpeate
6 , frequency,  retraining
Learning and scale
accuracy

Table 1. Multi-criteria structure for assessing medical IT effectiveness.

Each criterion is further decomposed into sub-criteria evaluated through fuzzy
linguistic variables (e.g., low, medium, high) and weighted via AHP pairwise comparisons.
Al algorithms (specifically gradient boosting regression) refine these weights through
sensitivity analysis using historical evaluation data [Kumar & Zhang, 2021, p. 116].
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ating Fuzzy Logic and AHP

uzzy-AHP hybrid framework compensates for the inherent uncertainty in expert
ents. Each linguistic assessment is converted into a triangular fuzzy number (TEN),
a normalized decision matrix is generated. The geometric mean method computes the
fuzzy weight of each criterion, which is then defuzzified to obtain a crisp priority vector.

For instance, the system performance criterion obtained a fuzzy weight of (0.62, 0.74,
0.86), translating to a final normalized weight of 0.24, indicating its dominant influence in
the overall evaluation. The consistency ratio (CR) remained below 0.1, confirming logical
coherence [Triantaphyllou, 2021, p. 31].

4. Machine Learning Optimization

Al integration enhances the traditional MCDM process through machine learning
(ML) modules capable of learning from past decisions and predicting performance under
new conditions. Historical data from five hospitals were used to train models predicting IT
success rates based on input variables (data quality, user satisfaction, etc.).

Among the tested algorithms—Random Forest, XGBoost, and Support Vector
Machines (SVM)—XGBoost achieved the highest prediction accuracy (R2 = 0.91). These
models adjust criterion weights dynamically, ensuring that real-time decision-making
reflects evolving operational realities [Wang et al., 2022, p. 90].

Al-driven optimization also supports scenario simulations. For example, by increasing
“user training” investment by 15%, the model forecasted a 9.4% rise in IT effectiveness within
six months, validated through empirical pilot testing at two tertiary hospitals [Garcia et al.,
2023, p. 126].

5. Ethical and Interpretability Considerations

To ensure accountability, the system integrates explainable Al (XAI) features, allowing
decision-makers to trace why certain IT components receive specific scores. The model
employs SHAP (Shapley Additive Explanations) values to visualize how each feature affects
the final outcome [Floridi et al., 2022, p. 91].

Moreover, ethical evaluation criteria were incorporated to comply with international
frameworks such as the EU’s Trustworthy Al Guidelines (2021). Data governance protocols
ensure anonymization, informed consent, and secure data storage, addressing ethical
challenges of using Al in clinical decision-making [Amann et al., 2020, p. 243].

RESULTS

1. Experimental Setup

The model was implemented and tested across three hospitals—two public and one
private—over a 12-month period (2023-2024). Data were collected from 312 healthcare
professionals and 1,800 patient interactions. The evaluation covered 14 IT systems, including
EHR platforms, telemedicine applications, and Al-based diagnostic tools.

The Al-assisted model was compared with two baseline methods:

e Traditional AHP model, and

« Expert opinion matrix without Al optimization.
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itative Qutcomes

Consistency Ratio | Evaluation ACCUI‘&CY n Stakeholder
. Forecasting ROI
(CR) Stability (o) (%) Agreement (%)
3 (6}

Expert Judgment | 0.18 0.142 68.7 723
Traditional AHP 0.09 0.097 78.4 83.1
Al-Assisted
MCDM 0.05 0.062 01.2 092.6
(Proposed)

Table 2. Comparative performance of evaluation models.

The Al-assisted model outperformed both traditional approaches in all metrics. The
lower consistency ratio (CR) indicates reduced human bias, while improved forecasting
accuracy demonstrates the effectiveness of Al-driven learning [Nasiri et al., 2022, p. 307].

A one-way ANOVA test confirmed statistical significance (p < 0.01) for differences in
evaluation stability and forecasting accuracy between models.

3. Qualitative Findings

Interviews with healthcare administrators revealed that the Al-based model provided
greater transparency, customizable weighting, and real-time adaptability. Clinicians
appreciated the system’s feedback feature, which allowed them to revise evaluations based
on updated data, promoting a culture of continuous improvement [Carayon & Hoonakker,
2021, p. 218].

Furthermore, ethical compliance metrics improved: hospitals using the Al-assisted
evaluation saw a 27% reduction in reported data-handling incidents, demonstrating the
model’s indirect impact on governance and trust [European Commission, 2021, p. 18].

4. Visualization and Decision Support

The system dashboard (Figure 2) visualizes composite effectiveness scores for each IT
system across six criteria.

Figure 2. Example of Al-assisted dashboard output.

I

| Criterion | Weighted Score (%) |

| | |
| I |
| System Performance | 92 |

| Data Quality | 89 |

| Cost Efficiency | 83 |

| User Satisfaction | 90 |

| Ethical Compliance | 88 |

| Adaptability & Learning | 91 |
L ] I

These visual analytics help decision-makers pinpoint weaknesses (e.g., cost overruns)
and strengths (e.g., high user satisfaction), facilitating data-driven strategic planning [Heeks,
2020, p. 101].

CONCLUSION
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y demonstrates that an Al-assisted multi-criteria model offers a robust and
ethod for assessing the effectiveness of information technologies in medicine.
'static evaluation tools, the model continuously refines decision weights using
chine learning, resulting in higher accuracy, consistency, and transparency.

Key contributions include:

1.Development of an integrated framework combining AHP, fuzzy logic, and AL

2. Empirical validation showing improved reliability and predictive capability.

3. Inclusion of ethical and interpretability modules aligned with international
standards.

This approach supports hospital administrators, policymakers, and IT developers in
making data-driven investment and quality decisions, ultimately contributing to sustainable
digital transformation in healthcare. Future research should explore integrating blockchain-
based audit trails and federated learning mechanisms to enhance security and
decentralization.
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