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Purpose: FMEA (Failure Mode and Effects Analysis), a widely used tool in risk management, lacks systematic guidance on selecting
the type of precaution. This study introduces a rule-based FMEA. Although the Risk Priority Number (RPN), widely used in the
literature, expresses the risk level quantitatively, it is insufficient for guiding the appropriate type of precaution. The proposed rule-
based model uses a multi-dimensional rule system that considers numerical parameters (probability, severity, detectability, and RPN)
and contextual variables.

Material and Methods: The model, structured according to the Occupational Health and Safety precaution hierarchy, defines six
precaution classes: elimination, substitution, engineering measures, training, administrative measures, and personal protective equip-
ment (PPE). The model’s theoretical consistency, sensitivity, and practical applicability were tested in a neonatal intensive care unit
(NICU).

Results: The FMEA method identified 24 failure modes related to infections. Scenario-based sensitivity analyses revealed that
contextual variables significantly influenced the recommended precautions. Administrative and training measures were the most
frequently recommended, while PPE was consistently recommended for exposure-related risks. Expert evaluation indicated 95.8%
agreement with the model outputs.

Conclusion: These findings indicate that the development of a rule-based system can serve as a repeatable and explainable decision-
support tool, especially in high-risk settings such as healthcare, which is the study’s most distinctive contribution.
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Introduction

Efficient management of complex system errors is critical for occupational health, safety, and service quality. In this
context, Failure Mode and Effects Analysis (FMEA) is a proactive risk analysis method widely used to identify potential
failure modes in processes, evaluate the effects of these failures, and plan appropriate preventive measures.'> However,
although the Risk Priority Number (RPN) calculation provided by FMEA is often helpful in determining the magnitude
of the risk, it provides limited systematic guidance on which precaution type should be implemented.

Although fuzzy logic, multi-criteria decision-making (MCDM), and artificial intelligence-based approaches have been
integrated to fill this gap in the literature, subjective judgments and practitioner experience continue to be effective in the
recommendation generation process.””* Especially in healthcare settings, the effects of contextual variables such as
human factors and exposure on risk management decisions have not been systematically modeled to a sufficient degree.
This situation highlights a significant methodological limitation regarding the consistency and repeatability of precau-
tionary measures.

To overcome these limitations, this study proposes a rule-based, multi-dimensional decision support model integrated
with the FMEA. The developed model systematically recommends the most appropriate precaution type for each failure
mode, taking into account the RPN value, severity, occurrence, detectability, human factors, and exposure status. It
classifies precautions into six categories: elimination, substitution, PPE and engineering controls, training, and admin-
istrative measures, according to the occupational health and safety precaution hierarchy.>® The model’s validity was
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tested through a sample FMEA application implemented in a neonatal intensive care unit (NICU); the sensitivity of the
proposed measures to contextual variables and their compatibility with healthcare team members were analyzed in detail.
The results demonstrate that the model serves as a decision support tool that is both theoretically and practically
applicable and generalizable.

The FMEA method is a risk assessment tool of industrial origin that has been widely used in the healthcare sector in
recent years. Its application in healthcare significantly contributes to patient safety, medication management, and cost-
effectiveness analysis.>’® The adaptation of FMEA as a proactive approach in healthcare services gained momentum
with the adoption of risk analysis standards by.'® The study by Spath (2003) detailed how FMEA steps can be applied
clinically in perioperative solutions, creating one of the first guides for healthcare professionals.® In the literature, FMEA
applications aim to identify high-risk areas based on RPN values and to assign risk classes accordingly. However, the
stages of developing precautions, creating action plans, and evaluating outcomes have often been overlooked or assessed
subjectively. This has been identified as a significant deficiency that limits the scope of FMEA applications.'" This study
aims to address this gap by systematically developing a precautionary recommendation framework that incorporates
specific rules and considers relevant contextual variables.

Rule-based systems are structures where decisions are determined by predefined rules, typically based on logical
constructs such as “IF-THEN” or “OR-AND”. These systems form the fundamental components of expert knowledge
systems.'” Expert systems are not limited to rule sets; they encompass a broader framework that includes an inference
engine, knowledge base, and user interface. Conversely, rule-based systems are built solely on rules, as they do not
incorporate classical machine learning or inference options.

The systematic literature review conducted by Papadopoulos (2022) emphasized that rule-based clinical decision
support systems (CDSS) have key advantages, including explainability, transparency, and flexibility.'* In this context,
combining the benefits of these systems with FMEA-based risk management processes enables the development of
a systematic and assessable precautionary recommendation framework. However, it has also been noted that most of
these systems have not been adequately tested in actual clinical environments and that there are gaps in the evaluation
processes of decision-making mechanisms.

The success of rule-based CDSSs depends directly on the accuracy and clarity of their knowledge representation
methods. In this context, Silva et al (2023) noted that these methods offer advantages in terms of ease of use and
understandability, especially in clinical settings. The study highlighted that representing clinical rules with these two
methods facilitates the intuitive and effective operation of the systems.'?

The effectiveness of CDSS rules relies on their accuracy and structural factors, such as reusability, management, and
interoperability. A recent systematic review found that ontologies are widely utilized in structuring medical knowledge and
decision rules. However, they have limitations in CDSS rule management and customization processes. This highlights the
need for robust rule management mechanisms to ensure the development and sustainability of decision support systems.'*

Haas, Maier, and Rothgang (2021) highlighted the issues of explainability and reliability in the early prediction of in-
hospital mortality risk among emergency and intensive care patients. They developed two rule-based risk prediction
models that use demographic data and clinical information available during patient admission. The study concluded that
the models, particularly the comprehensive model, demonstrated high performance with 98% accuracy, and the generated
rules were both explainable and clinically assessable. This research demonstrates that rule-based structures can be
effectively used in healthcare for decision support and data interpretation and shows the potential for similar methods to
be applied across various risk assessment scenarios.'”

In recent years, artificial intelligence (Al)-based diagnostic support systems have increasingly appeared in the CCDS
literature. For example, Zhang'® applied Al as a diagnostic CCDS in a scenario study, demonstrating its potential to assist
decision-makers in clinical processes. In addition, the literature review conducted by Scenario et al'” emphasized that the
use of Al-based decision support systems in healthcare has been steadily expanding.

Studies using rule-based FMEA methods in industrial applications are also noteworthy. For example, Karatug,
Ceylan, and Arslanoglu (2024) developed a rule-based FMEA model that utilizes fuzzy logic based on expert opinions
to evaluate risks in scrubber systems used in the maritime sector. The study identified the highest-risk components, and
systematic measures were recommended.'®
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This study presents a structured approach to the FMEA method, with a focus on precaution suggestions. The rule-
based model provides recommendations not only based on the RPN value but also on contextual variables, including
failure type, human factors, and exposure. The model aims to present precaution decisions within a more systematic and
transparent framework, providing a structured and auditable basis to enhance current practices and improve the
consistency of risk management decisions in healthcare.

Materials and Methods

This study was conducted in 2024 in a level 4 Neonatal Intensive Care Unit (NICU) affiliated with a university hospital.
This study team comprised senior nurses working in the NICU (each with more than 20 years of professional experience),
the charge nurse, and a faculty member responsible for the clinical management of the NICU. Their expertise contributed to
the identification of failure modes, FMEA scoring, and the evaluation of the rule-based model outputs.

A total of 24 failure modes related to infection risks in the NICU were identified. For each failure mode, severity (S),
occurrence (O), detectability (D), and contextual variables such as human factors and exposure were defined. The
decision support system was developed using Python, and failure mode inputs were entered manually. For each of these
factors (S, O, D), the system generates rule-based recommendations based on the inputs. These recommendations were
organized according to the occupational health and safety precautions hierarchy, which includes six precaution classes:
elimination, substitution, engineering, training, administrative, and PPE.

The workflow of the study followed five stages:

Identifying infection-related failure modes in the NICU with team input and literature

Defining and scoring of FMEA parameters (S, O, D) and calculation of the RPN

Generating precaution recommendations through the rule-based model

Validating recommendations with scenario-based sensitivity analyses

Comparing system outputs with team evaluations to assess agreement
In this study, the RPN; value for each failure mode (i) was calculated using the traditional FMEA approach as the
product of the Severity (S;), Probability (O;), and Detectability ( D;) scores, as shown in Equation (1). However, the
decision structure of the model was not based solely on this RPN score. The developed rule-based system used the
RPN value as a primary indicator. Nevertheless, it evaluated final precaution decisions in light of additional factors,
such as contextual variables (human factor, exposure), parameter thresholds (eg, high severity, low detectability), and
systemic variation. In this way, the model extends beyond the one-dimensional RPN threshold-based decision
structures often seen in classical FMEA applications, offering a multidimensional, explainable system for precautionary
recommendations.

RPN; = S; % O; % D; (1

This study developed a model using a multi-criteria rule set to analyze failure modes systematically and recommend
precautions for each risk. The decision rules that form the foundation of the model are explained below.

Notations

x;: Input vector representing the i-¢h failure mode

RPN;: Risk Priority Number of the i-¢h failure mode

f(xi): The set of recommended preventive actions for the i-¢h failure mode
T;: Type of failure cause (1=human factor, O=other)

M;: Exposure status (1=present, O=absent)

P(A): Power set of all possible preventive actions

Input Definition

The model represents each failure mode with the following vector.

X; = {Siaoi;Div TivMi}
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Where:

S;: Severity score (1-10)

0;: Occurrence score (1-10)

D;: Detectability score (1-10)

T;: Type of failure {l=human related, O=not human related}
M;: Exposure condition {1=present, O=absent}

Rule-Based Decision Model
The model’s basic output is the recommended measures for each failure mode. In addition to the RPN value, the decision

algorithm operates based on specific decision rules for each failure mode.

Rule 0: RPN;, for each failure mode, is calculated as shown in equation (1) by multiplying the parameter scores based on
the traditional FMEA method. This approach enables a quantitative risk assessment by evaluating the severity of the
failure, its likelihood of occurrence, and detectability [1,2].

Rule 1-Low Risk Monitoring Recommendation: Failure modes with an RPN of 100 or less are considered low risk.
However, limited and low-level precautions may be necessary due to certain contextual factors (eg, exposure or failure
caused by human behavior).

{PPE},if Mi=1AT; =0
{Training},if M; =0NT; =1
{Training, Monitoring},if M; = 1 AN T; = 1
{Monitoring},if Mi =0AT; =0

RPN; < 100 — f(x;) =

Rule 2-Active Measures for Higher Risk: Failure modes with an RPN value above 100 are too risky to manage with
“monitoring”. An active measure must be developed for such risks. According to the AIAG & VDA (2019) guide,
monitoring is only valid at low risk levels.'’

RPN; > 100 — f(x;) # {monitoring}

Rule 3-Risk Classification: This rule categorizes failure modes into four classes based on risk levels. This classification,
2,19

determined by the RPN value, serves as the foundation for developing specific precautions for each risk group.
0,if RPN; < 100 Low
1,if 101 < RPN; < 200 Medium
2,if 201 < RPN; < 500 High
3,if RPN; > 500 Critical

r(RPN;) =

Rule 4-Medium Risk Measures: Medium-risk situations can be managed through behavioral or administrative actions, as
human factors are primarily responsible for them. If the error stems from a human factor, “training” is recommended; if it
results from a system failure, “administrative” measures are advised. Additionally, when there is exposure, the use of
PPE becomes mandatory.'®

101 < RPN; <200 = f(x;) D {Administrative} U {Training|T; = 1} U{PPE|M; = 1}

Rule 5-High Risk Requires Technical Controls: Implementing technical measures is crucial for high-risk failure modes. These
risks should be managed at the system level using engineering solutions, rather than solely relying on behavioral methods.
Additional precautions, such as training or PPE, should be added if human factors or physical exposures are involved. The ISO

45001:2018 standard supports these layered strategies in occupational health and safety management systems.
201 < RPN; < 500 = f(x;) 2 {Engineering} U {Training|T; = 1} U {KKD|M; = 1}

Rule 6-High Control Strategy: This rule defines the order of measures starting from the closest and most effective to the

SOUI'CG.S’zo
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{Elimination}, if feasible
{Substitution}, if elimination not feasible
{Engineering}, if above not feasible
{ Others(Administrative, Training, PPE)}, otherwise

Sf(xi) 2

Rule 7-Substitution When Elimination is Not Possible: This additional rule supports rule 6. If eliminating the hazard is
impossible and the system has ruled out this option, substitution should be the next priority. This allows the use of less
hazardous substances or processes, especially in environments with physical, chemical, or biological hazards. As a result,
effective and proactive risk reduction can be achieved.

if RPN;>500
—(Elimination € f(x;))A(Substitution) = Substitution € f(x;)

Rule 8-Critical Conditions Trigger Rule 6: This rule mandates the application of Rule 6 in specific situations. When severity
is high and detectability is low, or when RPN; exceeds the specified threshold, measures must be chosen strictly by the priority
order outlined in Rule 6. These conditions indicate that the risk has exceeded acceptable limits and requires interventions

focused on the source. Each x; € Ry;g, represents a high-risk class, where evaluation begins with elimination and substitution.

Xi € Ruign(Si =9 AD; > 8)V (S;>9A0; >8)V (RPN;>500)
Rusigh = {x: [RPN;> 500V (S; > 9 AD; >8)V (S >9A0; >8)}

Xi € Ruigh = f(x;) 2 Rule 6

Rule 9-Engineering Control Enforcement: This rule applies in scenarios where the severity is very high but the error is
relatively easy to detect. In such cases, the rule structure should activate engineering controls, which are more effective
and permanent measures to mitigate the risk at its source. The model evaluates the following special conditions and

makes engineering intervention mandatory.”’

If:
D;i > 7A S; <7= f(xi) 2 {Engineering}
0i > 6 A S; <7 = f(x;) 2 {Engineering}
D; > 9A (RPN; < 200) = f(x;) 2 {Engineering}
Then:

f(x;) 2 {Engineering}

Rule 10-Training vs Administrative: If the source of the failure mode is related to human behavior (T: = 1), the system
recommends direct training measures. Otherwise (T+ = 0), organizational or administrative controls are preferred. This
distinction enables targeted intervention to reduce accidents caused by human factors. '’

T — 1 = Training € f(x;)
"7 0 = Administrative € f(x;)

Rule 11-PPE Decision Based on Exposure: If exposure exists (eg, biological, chemical, or physical risk), PPE is
required under legal and occupational standards. When there is no exposure, PPE is not advised.’

M; =1= f(x;) € {PPE}

M; =0 = f(x;) ¢{PPE}

Risk Management and Healthcare Policy 2025:18 https: 344|



Narl

Action Set Definition: The model developed in this study defines a decision function to identify the appropriate action set
for each failure mode. Action set A is the comprehensive set that includes all action types the system can apply. This set:

A = {Elimination, Substitution, Engineering, Training — Administrative, PPE, Monitoring}

Decision Function: The model recommends one or more suitable measures for each failure mode (x;). These recom-
mendations are based on the established rules and the risk parameters associated with the failure mode.

f(Xi) g P(A)

Here, P(A) is the power set that includes all subsets of the measure set. That is, the decision function can choose zero or more
types of measures from the set (A) for each failure mode. However, this study is designed to recommend only one measure.
This approach facilitates the development of holistic measures based on the combined effect of multiple risk factors.

Findings and Discussion

This study identified 24 different failure modes through risk analysis using the FMEA method in a university hospital’s
neonatal intensive care unit. The identified failure modes were categorized into five main processes, based on the
functional integrity and analytical traceability of each process. By defining these processes, possible failure sources were
examined more systematically. According to the traditional FMEA method, the RPN value for each failure mode was
calculated by multiplying the scores of the S, O, and D parameters. The rule-based decision support model developed in
this study systematically recommends appropriate precaution types for each failure mode, taking into account the RPN
value and contextual factors such as human factors and exposure.

Table 1 presents the basic risk parameters for each failure mode, the computed RPN values, and the precautionary
measures suggested by the model.

Training and administrative measures are the most commonly recommended precautions, especially in the medium-
risk group (101 < RPN; < 200). The model suggested at least one precaution for each failure mode, with no gaps in any
decision. Additionally, a structural harmony was observed between the measures proposed by the model and the
contextual risk indicators. This demonstrates that the model efficiently reflects a multidimensional, condition-based
risk management approach, not relying solely on RPN;. It was noted that administrative and training measures were
primarily recommended, supporting the idea that human factors and systemic deficiencies are the primary causes of most
failure modes. Moreover, PPE was systematically recommended in cases of exposure to hazardous materials. No failure
modes fell into the critical risk class, indicating that none of the failure types reached the extreme RPN; value. Since
critical risk thresholds were not surpassed, aggressive elimination and substitution measures were not suggested at any

Table | Risk Parameters, RPN Values, and Recommended Precaution Types for Failure Modes

Failure Mode (x;) No | S| O | D | RPN | Human Exposure Recommended
Factor (T) | (M) Precaution (A)
Needlestick and sharps injuries Improper disposal of sharp and penetrating | 51| 6 4 120 0 0 Administrative
tools
Attempting to recap needles can lead to hand 2 5| 4 8 160 | | Administrative,
injuries caused by the needle tip2I Training, PPE
Injury due to exposure to needles or 3 5171 4 140 | | Administrative,
syringes after |::rocedur'esZI Training, PPE
Lack of compliance with hand Staff cross-contamination after contact with 4 4|5 5 100 | | Training,
hygiene infected infants. Monitoring
Improper hand hygiene after contact with 5 6| 3 5 90 | | Training,
biological substances'® Monitoring
Non-compliance with hand hygiene in patient 6 4 |7 4 112 | | Administrative,
care'? Training, PPE
(Continued)
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Table | (Continued).

Failure Mode (x;) No RPN | Human Exposure Recommended
Factor (T) | (M) Precaution (A)
Improper or inadequate use of Lack of eye/face protection against biofluid 7 36 0 [ PPE
personal protective equipment splashes
(PPE)
Reuse of disposable PPE*? 8 72 0 [ PPE
Inadequate PPE use in isolation patient care 9 216 | | Engineering,
Training, PPE
Inadequate precautions at the initial patient 10 105 | [ Administrative,
encounter Training, PPE
Unsafe transport of lab specimens due to I 120 0 | Administrative,
biosafety protocol violations. PPE
Failure to clean and disinfect the | Failure to surface disinfection in patient-side 12 64 0 0 Monitoring
area after patient contact. areas (incubators, ventilator panels)
Cause cross-contamination by touching 13 180 | 0 Training,
other surfaces while wearing gloves'9 Administrative
Transporting contaminated materials without 14 150 | 0 Administrative,
disinfection?* Training,
Undisinfected shared items between staff (eg, 15 200 | | Administrative,
stethoscope) Training, PPE
Use of inadequately disinfected medical 16 140 0 [ Administrative,
equipment (stethoscope, probe, fingertip PPE
oximeter).
Failure to comply with Skipping essential cleaning, risking the spread 17 72 0 0 Engineering
maintenance and cleaning of microorganisms®®
protocols
Failure to replace ventilation filters on time?? 18 54 0 0 Engineering
Failure to properly collect and store 19 147 0 | Administrative,
biological waste PPE
Reporting Failure to report biological risk incidents (eg, | 20 288 0 0 Engineering
needlestick injuries, fluid exposure)
Unreported or concealed follow-up 21 288 0 0 Engineering
infections®'
Insufficient professional training Lack of staff knowledge on infection control 22 160 0 0 Administrative
and a lack of awareness protocols22
Skipping critical cold chain steps due to 23 144 0 0 Administrative
insufficient training?*
Improper food consumption by staff without | 24 24 | | Training,
hygiene compliance Monitoring

Abbreviations: RPN, risk priority number; S, severity; O, occurrence; D, detectability; PPE, personal protective equipment.

risk level. Engineering measures were rarely recommended. Table 2 provides a comparative overview of the frequency of
different measure types based on RPN; values and risk class intervals.

The model outputs in Table 1 are made more numerically traceable with the data in Table 2. In the sample, as shown
in Table 2, no failure mode was identified for the critical risk level RPN > 500; therefore, no precautions are
recommended for this range.

Scenario-based calculations were conducted using contextual variables such as “Human Factor” and “Impact of
Exposure” to assess the model’s sensitivity in its recommendations. The four scenarios below indicate whether each
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Table 2 Distribution of Recommended Precaution Types by Risk Level

Risk Level Percent | Number of Monitoring | Training / Engineering | Elimination | Substition | PPE
% Failure 10.7% Aministrative 10.7% 0% 0% 3.6%
Modes 57.1%
RPN < 100 333 8 6 3+2 0 0 0 2
101 < RPN; <200 | 54.2 13 0 11+9 0 0 0 8
201 < RPN; <500 | 12.5 3 | 1+1 3 0 0 |
RPN;>500 0.0 0 0 0 0 0 0 0

Abbreviations: RPN, risk priority number; PPE, personal protective equipment.

failure mode is system- or human-based and if the risk is related to exposure. In this context, the model recalculated the
recommended precautions for each scenario, and the results are shown in Table 3. Four scenarios were defined to
evaluate the model’s sensitivity to these variables, considering whether the failure mode was caused by human factor (T)
and the exposure content (M).

Scenario 1 (No Human Factor — No Exposure): (T = 0, M = 0) Situations that are system-based and lack exposure.
Scenario 2 (Human Factor — No Exposure): (T = 1, M = 0): Situations involving human factor without exposure.

Scenario 3 (No Human Factor — With Exposure): (T = 0, M = 1): System-based situations involving exposure.

Scenario 4 (Human Factor — With Exposure): (T = 1, M = 1): Situations that are both human-based and with exposure.

Table 3 Comparison of Recommendations Across All Scenarios

Failure Mode No | RPN | Scenario | Scenario 2 Scenario 3 Scenario 4
| 120 Administrative | PPE, Administrative | Administrative, Training | Training, PPE
2 160 Administrative | PPE, Administrative | Administrative, Training | Monitoring
3 140 Administrative | PPE, Administrative | Administrative, Training | Training, PPE, Engineering
4 100 Monitoring PPE Training Monitoring

5 90 Monitoring PPE Training Monitoring
6 112 Administrative | PPE, Administrative | Training, Administrative | Training, PPE
7 36 Monitoring PPE Training Training, PPE
8 72 Monitoring PPE Training Training, PPE
9 216 Engineering Engineering, PPE Engineering, Training Training, PPE
10 105 Administrative | Administrative, PPE | Administrative, Training | Training, PPE
I 120 Administrative | PPE Administrative, Training | Monitoring
12 64 Monitoring PPE Training Monitoring
13 180 Administrative | PPE, Administrative | Administrative, Training | Training, PPE
14 150 Administrative | PPE, Administrative | Administrative, Training | Training, PPE

(Continued)
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Table 3 (Continued).

Failure Mode No | RPN | Scenario | Scenario 2 Scenario 3 Scenario 4

15 200 Administrative | PPE, Administrative | Administrative, Training | Training, PPE

16 140 Administrative | PPE, Administrative | Administrative Training, PPE

17 72 Monitoring PPE Training Monitoring

18 54 Monitoring PPE Training Monitoring

19 147 Administrative | Administrative, PPE | Administrative, Training | Administrative, Training, PPE
20 288 Engineering Engineering, PPE Engineering, Training Engineering, Training, PPE

21 288 Engineering Engineering, PPE Engineering, Training Engineering, Training, PPE
22 160 Administrative | PPE, Administrative | Administrative, Training | Administrative, Training, PPE
23 144 Administrative | PPE, Administrative | Administrative, Training | Administrative, Training, PPE
24 24 Monitoring PPE Training Training, Monitoring

Abbreviations: RPN, risk priority number; PPE, personal protective equipment.

The results demonstrate that the model responds sensitively to contextual variables. Significant differences were observed
in recommended measures, especially for failure modes at medium risk levels. Only administrative measures are
recommended for some failure modes when T and M values are zero. However, when T = 1, training and administrative
measures are recommended together for the same failure mode. When exposure (M=1) is present, using PPE for that
failure often becomes a prominent recommendation and is added to the measures set. When both variables are active
simultaneously (T=1, M=1), the model recommends combining training, administrative, and PPE measures. In about
70% of failure modes, the recommended measures vary depending on the scenario. Especially in failure modes sensitive
to human factors, behavioral factors directly influence the model’s decision-making structure. Additionally, despite
having a fixed RPN value, the variations in measure sets across different scenarios show that the model relies not only on
quantitative scores but also on contextual logic rules.

The validity of the model was tested not only with theoretical concepts but also through expert evaluation. In this
context, experienced team members working in the intensive care unit, selected because of their many years of service in
this unit, assessed the precautions suggested by the model for each failure mode. The team of three members contributing
to the study was asked to rate each recommendation using a three-dimensional scale. This validation process served as an
independent and systematic check of the model’s practical applicability.

As a result of the evaluation, the findings presented in Table 1 classified a total of 24 failure modes, with the model’s
suggested precautions for 19 failure modes as “Appropriate”. Four failure modes were evaluated as “Partially
Appropriate”, where the recommendations could be improved with minor corrections. One failure mode was classified
as “Not Appropriate”, in which the recommended precautions were insufficient, contextually inappropriate, or
ineffective.

Expert team evaluations and model recommendations were 95.8% in agreement. This high level of compliance
indicates that the developed decision support model effectively integrates predefined rules and practical expert knowl-
edge in healthcare. The findings demonstrate that the model is stable with respect to parametric variables, sensitive to
critical threshold values, and provides flexible and customizable suggestions based on contextual variables.

Therefore, it was concluded that the developed model has strong potential as a proactive, systematic, and explainable
decision-support tool in healthcare. Furthermore, the model significantly aids in objectifying and automating FMEA
processes, helping to reduce inconsistencies in human-related decision-making.

Although expert evaluations and scenario-based analyses supported the findings of this study, they remain limited by
their reliance on a theoretical framework. The novelty of the lies in its ability to incorporate contextual variables, such as
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human factors and exposure, into the precaution selection process, which has often been overlooked in traditional FMEA
applications. To further establish the reliability and generalizability of the proposed system, confirmatory applications in
real-world clinical and industrial settings are required. Such validations would not only strengthen the credibility of the
results but also demonstrate the model’s practical applicability across diverse environments.

Conclusion

In this study, a rule-based decision model was integrated into the FMEA-based risk assessment approach, and the
precaution types recommended for each failure mode were systematically determined. Designed to eliminate subjectivity
in precaution-type selection, a common issue in FMEA applications highlighted in the literature, this model considers the
RPN value in conjunction with failure effects, severity, detectability, and exposure status.

The model classifies risk control measures into six main categories: elimination, substitution, engineering controls,
training, administrative controls, and personal protective equipment (PPE), establishing a hierarchy among these
measures. This framework enables proactive intervention in high-severity and difficult-to-detect failures, helping to
avoid resource waste in low-risk situations. Furthermore, behavioral and process-based strategies are included, and
training and/or administrative measures are recommended for human-factor-related cases.

The model, tested through a sample FMEA application, delivered successful results in both theoretical consistency
and practical applicability with its recommended precaution based on failure mode characteristics. The proposed system
can be viewed as a generalizable decision support tool in clinical settings, such as NICUs, and in high-risk environments,
including industrial, laboratory, and production processes. Overall, the study makes a clear contribution to risk manage-
ment by enhancing the consistency, objectivity, and explainability of precaution selection in high-risk settings.

However, the study has limitations, as the findings are primarily based on theoretical analyses and expert evaluations.
To further establish the reliability and generalizability of the model, confirmatory applications in real-world clinical and
industrial settings are required.

Future research could expand by integrating this model with artificial intelligence and learning systems, making it
more dynamic through training with large data sets, and creating specific sub-versions tailored to sectoral needs.
Additionally, testing the model with different user groups across various institutional settings and supporting it with user-
friendly software interfaces will significantly enhance risk management.
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