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1 INTRODUCTION 

Risk prioritization is a central task in operations and production management because it 
determines how organizations allocate preventive resources, schedule control activities, and 
stabilize process performance. In GMP manufacturing, these decisions affect batch release 
reliability, rework burden, and cost of poor quality. Although ICH Q9 and Q9(R1) establish risk-based 
management principles, they do not prescribe a single quantitative prioritization model for 
heterogeneous production environments (EMA, 2023; FDA, 2023; ICH, 2005). 
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Failure mode and effects analysis (FMEA) is a widely adopted tool for process-level risk analysis 
in quality management. It decomposes complex operations into failure modes and supports 
structured ranking of potential losses (Bhattacharya, 2015; Cavaignac and Uchoa, 2018; Monforte 
et al., 2015； Sahu et al., 2016). In standard practice, risks are ordered using RPN=O×S×D (Scipioni 
et al., 2002). However, equal weighting of occurrence, severity, and detection can understate high-
impact events, while ties and subjective ratings may weaken managerial discrimination among 
competing improvement priorities. These limitations are critical in regulated production systems 
where low-frequency failures can generate major operational and compliance consequences. 

To improve prioritization performance, recent studies have combined FMEA with fuzzy, grey, 
and other uncertainty-aware decision methods (Li and Chen, 2019; Mangeli et al., 2019; Pillay and 
Wang, 2003; Xu and Tang, 2002; Zhang and Chu, 2011; Zhou and Thai, 2016). Hybrid applications 
have expanded across energy, steel, digital-learning, maintenance, and related contexts (Al-Refaie 
and Aljundi, 2024; Alrifaey et al., 2019; Başaran and Ighagbon, 2024; Cardiel-Ortega and Baeza-
Serrato, 2023; Cardiel-Ortega and Baeza-Serrato, 2024; Padash et al., 2024； Pereira and Reis, 
2026), showing a broader shift from single-index ranking to multi-criteria risk assessment.The 
analytic hierarchy process (AHP), originally proposed by Saaty, supports multi-criteria structuring 
of complex decisions through pairwise comparisons and consistency checking (Saaty, 1987). Its use 
in risk analysis is well established because it translates expert judgment into transparent weights 
that can be audited and communicated in managerial settings (Al-Bahar, 1991; Bhatta and Doppler, 
2010; Fabjanowicz et al., 2018; Hussein et al., 2010; Li et al., 2018; Maleki-Ghelichi and Sharifi, 2017; 
Seejata et al., 2018). In FMEA-related applications, AHP has been used to improve scoring criteria 
and weighting logic in automotive, medical, and manufacturing processes (Aguiar et al., 2010; 
Chang et al., 2022; Ekmekçioğlu and Kutlu, 2012). 

Fuzzy comprehensive evaluation (FCE) complements AHP by aggregating linguistic and 
uncertain expert assessments through membership functions and weighted synthesis. Prior 
studies applying AHP–FCE in vulnerability and ecosystem assessments (Cheng and Tao, 2010; Sun 
et al., 2019) indicate strong potential for decision contexts with imprecise information, yet evidence 
remains limited for risk governance for routine production quality. 

Recent 2025-2026 literature further shows that pharmaceutical operations research is moving 
toward Pharma 4.0 and digitally enabled quality systems. Systematised reviews of emerging digital 
innovations in pharmaceutical manufacturing identify PAT, real-time release testing, process 
modelling, digital twins, AI/ML, IoT, and data-management technologies as major themes for 
improving product quality, batch release, deviation analysis, and real-time monitoring (Fitzgerald 
et al., 2026). AI-IoT integration and AI-based manufacturing reviews also emphasize process 
optimization, predictive monitoring, automated inspection, and quality-control support as 
important directions in smart pharmaceutical manufacturing (Kodumuru et al., 2025; Nakka et al., 
2026). Regulatory reviews of AI/ML in pharmaceutical GMP settings similarly emphasize that 
implementation must address validation, data integrity, risk management, regulatory oversight, 
and lifecycle control (Niazi, 2025). Recent Q9(R1)-focused implementation reviews also highlight 
proportional formality, evidence-based risk assessment, lifecycle integration, and persistent 
challenges in linking risk outputs to pharmaceutical quality systems (Salve et al., 2026). Therefore, 
recent AI and Pharma 4.0 oriented methods do not remove the need for transparent, auditable, 
and low-burden QRM tools; rather, they increase the need for decision frameworks that can 
connect expert judgment, uncertainty handling, documentation, and operational action. 

Against this background, this study proposes an integrated AHP–FCE framework for 
pharmaceutical process-risk prioritization and positions it as an operations decision-support 
model. The study addresses three questions: whether AHP–FCE improves discrimination of critical 
risks relative to conventional FMEA, whether it better aligns with cross-functional expert judgment 
used in process oversight, and whether its implementation is associated with measurable reduction 
of quality failures at the batch level in routine manufacturing. 

The theoretical contribution of the study is to reframe pharmaceutical FMEA from a product of 
three equally weighted scores into an integrated multi-criteria decision-support problem for 
regulated production systems. The proposed model does not simply place two existing methods 
side by side. Instead, it assigns complementary decision roles to AHP and FCE: AHP makes the 
relative importance of occurrence, severity, and detection explicit and auditable, whereas FCE 
aggregates uncertain expert ratings into operational risk grades. This structure advances 
knowledge by linking criterion weighting, uncertainty handling, and GMP risk-review decisions 
within a reproducible protocol that can be examined against quality outcomes in manufacturing. 
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2 MATERIALS AND METHODS 

To improve managerial reproducibility, the method was implemented as a predefined decision 
protocol with four stages: (1) definition of risk criteria and rating rules, (2) AHP-based weight 
elicitation with consistency control, (3) FCE-based aggregation of expert judgments, and (4) 
decision-grade assignment for operational prioritization. The same protocol, scoring sheets, and 
acceptance rules were used across all evaluated failure modes. 

 

 

Figure 1 - Procedure for AHP–FCE-based risk grading, outlining the stepwise workflow from inputs to 
final risk grade 

 
Table 1 - O, S, and D rating scale (1–5) used in this study, defining how occurrence, severity, and detection    
are interpreted 

Score Occurrence (O) Severity (S) Detection (D) 

1 Very low (rare) Negligible impact Very high  

2 Low (infrequent) Minor impact High  

3 Moderate (occasional) Moderate impact Moderate  

4 High (frequent) Major impact Low  

5 Very high (very frequent) Critical impact Very low  

 

FCE setting 

The evaluation set is defined as 𝑉 = {𝑣1 , 𝑣2 , 𝑣3 , 𝑣4 , 𝑣5}, corresponding to five risk grades from very 
low to very high. Membership degrees are obtained from expert rating frequencies, and the fuzzy 
evaluation matrix is 𝑅 = [𝑟𝑖𝑗], where 𝑟𝑖𝑗 = 𝑝𝑖𝑗/𝑝 is the proportion of experts assigning factor 𝑖 to 

grade 𝑣𝑗  and ∑ 𝑟𝑖𝑗
5
𝑗=1 = 1. The comprehensive evaluation vector is computed as 𝐵 = 𝑊 ⋅ 𝑅, and the 

final grade is determined by the maximum membership (or weighted score) rule. 
Each factor score 𝑥𝑖 ∈ [1,5] is assigned by experts using the rating scale in Table 1. The fuzzy 

evaluation matrix is constructed as 𝑅 = [𝑟𝑖𝑗] with 𝑟𝑖𝑗 = 𝑝𝑖𝑗 /𝑝, i.e., each row corresponds to a risk 
factor and each column corresponds to a grade in 𝑉. Defuzzification is performed either by the 
maximum membership principle (selecting the grade with the largest 𝑏𝑗) or by a weighted score 𝐺 =
∑ 𝑏𝑗

5
𝑗=1  𝑣𝑗  with 𝑣𝑗 = {1,2,3,4,5}, and the final grade is reported according to the interval containing 𝐺. 

In this study, the weighted-score rule was used for all reported grades to preserve information 
across adjacent membership levels. Appendix A provides a worked example showing the numerical 
path from expert ratings to the fuzzy evaluation matrix, AHP-weighted membership vector, 
weighted-score defuzzification, and final risk grade. 

Expert panel, evaluation criteria, and data sources  

The expert panel consisted of five QRM practitioners with at least five years of experience in 
pharmaceutical manufacturing and quality assurance. Experts represented production, quality 
control, and quality assurance functions to ensure multidisciplinary GMP input. Evaluation criteria 
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followed the O, S, and D definitions in Table 1. Occurrence scores were primarily quantitative, 
anchored to internal batch records, deviation/CAPA logs, and validated process parameters when 
measurable frequencies were available, with expert judgment used only to map observed rates 
onto the 1–5 scale. Severity and detection scores were primarily judgment-based, grounded in 
SOPs, control strategy documents, and historical inspection performance. For transparency and 
reproducibility, each score was labeled in the scoring sheet as “data-anchored” (quantitative 
frequency available in batch/deviation records within the study period) or “judgment-based” (no 
quantitative frequency; assigned by structured consensus). Each judgment-based score included a 
brief justification referencing the relevant SOP/control step or inspection history. To reduce 
expectancy bias, experts completed O/S/D scoring before final AHP-FCE grades and outcome 
comparisons were calculated. Batch-performance data were not used to revise expert ratings. 

2.1 Determination of relative importance of risk parameters by AHP 

AHP provides a hierarchical structure, pairwise comparisons, and an eigenvector-based 
weighting scheme with consistency checking. Decision makers can build a hierarchical model of a 
problem, including the goal, criteria, and sub-criteria (factors), to support structured judgments 
(Saaty, 1987). In this study, AHP was used to determine the relative importance of risk parameters. 

The dimension of the comparison matrix should be n×n form since n criteria are used for 
assigning relative importance to the estimation criteria. If this matrix is defined as 

𝐴 = (

1 𝑎12

𝑎21 1

⋯ 𝑎1𝑛

⋯ 𝑎2𝑛
⋯ ⋯

𝑎𝑛1 𝑎𝑛2

1 ⋯
⋯ 1

) 

Where aij is the element of ith row and jth column of the matrix, all of its entries are determined 
according to the relative importance of each one over another in the aspect of the goal. Thus, the 
entry aij denotes the relative importance of criterion i in comparison to criterion j. Pairwise 
comparison can be applied by giving an integer from 1 to 9 or the reciprocal of such an integer to 
each entry of the matrix so that the relative importance of the factors characterizing each cell can 
be quantified. In the matrix A, aij = 1 when i = j and aji=1/aij. 

The relative importance (weight) of the ith criteria, wi is calculated by determining the geometric 
mean (Gi) of the i th row, and then normalizing as follows: 

𝐺𝑖 = √∏ 𝑎𝑖𝑗

𝑛

𝑗=1

𝑛

, (𝑖 = 1, 𝑛) 

𝑤𝑖 =
𝐺𝑖

∑ 𝐺𝑗
𝑛
𝑗=1

, (𝑖 = 1, 𝑛) 

 
Then, the weight matrix W is obtained. The eigenvector (𝜆max) of the original pairwise 

comparison matrix A can be determined according to the following equation. 
 

𝜆max = ∑
(𝐴𝑊𝑇)𝑖

𝑛𝑤𝑖

𝑛

𝑖=1

 

 
The consistency index (CI) and consistency ratio (CR) for examining the consistency in a pairwise 

comparison judgment are calculated from the following equations. 
 

𝐶𝐼 =
𝜆max − 𝑛

𝑛 − 1
 𝑎𝑛𝑑 𝐶𝑅 =

𝐶𝐼

𝑅𝐼
 

 
If the CR is equal to or less than 0.1, then the judgment is considered to be consistent and 

acceptable. Otherwise the pairwise comparison matrix should be reconstructed with revised 
entries. 

The random consistency index, RI, can be obtained from Table 2 (Cheng and Tao, 2010; Hussein 
et al., 2010).  
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2.2 Rating of quality risks by FCE 

Assuming that there are n evaluation factors, the evaluation factors domain U is denoted as U= 
(u1, u2, …, un). The risk classification is determined by the evaluation rating domain. Assuming there 
are m evaluation ratings, and the evaluation rating domain V can be denoted as V= (v1, v2, …, vm). 

After prescribing evaluation factor set, the fuzzy evaluation matrix R is established according to 
the fuzzy relations between evaluation rating domain V and evaluation factor set U. 

 

𝑅 = (

𝑟11 𝑟12

𝑟21 𝑟22

⋯ 𝑟1𝑚

⋯ 𝑟2𝑚
⋯ ⋯
𝑟𝑛1 𝑟𝑛2

⋯ ⋯
⋯ 𝑟𝑛𝑚

) , 𝑟𝑖𝑗 =
𝑝𝑖𝑗

𝑝
, 𝑖 = 1, 𝑛, 𝑗 = 1, 𝑚 

 
Where pij is the number of experts who assigned vj value to ui, p is the total number of experts. 
Then, a comprehensive evaluation B will be obtained as a result of the fuzzy evaluation matrix 

R multiplied by the relative importance matrix W to estimate the evaluation factor set U. 
 

𝐵 = 𝑊 • 𝑅 = (𝑤1 , 𝑤2 , ⋯ , 𝑤𝑛) (

𝑟11 𝑟12

𝑟21 𝑟22

⋯ 𝑟1𝑚

⋯ 𝑟2𝑚
⋯ ⋯
𝑟𝑛1 𝑟𝑛2

⋯ ⋯
⋯ 𝑟𝑛𝑚

) = (𝑏1 , 𝑏2 , ⋯ , 𝑏𝑚) 

 

Where 𝑏𝑗 = ⋁𝑖=1
𝑛 (𝑤𝑖⋀𝑟𝑖𝑗 ) or 𝑏𝑗 = 𝑚𝑎𝑥[min(𝑤𝑖 , 𝑟𝑖𝑗)], 𝑗 = 1, 𝑚. 

Finally, the corresponding evaluation factor is assigned to grade j based on the maximum value 
of the comprehensive evaluation vector B. 

 
Table 2 - RI values for criteria numbers, showing the random consistency index by matrix size 

n 1 2 3 4 5 6 7 8 9 

RI 0 0 0.58 0.90 1.12 1.24 1.32 1.41 1.45 

3 RESULTS 

3.1 Assignment of relative importance of risk evaluation factors  

We determined the relative weights of occurrence, severity, and detection using AHP based on 
expert judgments. Specifically, five experts with at least five years of QRM experience completed 
the pairwise comparisons independently. Individual comparison matrices were aggregated using 
the geometric mean, and the group consistency ratio (CR) was required to be below 0.1 for 
acceptance; all reported results satisfied this criterion. The same five experts independently 
nominated the “most critical” failure modes used in Section 3.3.5. 

The primary FMEA parameters (occurrence, severity, and detection) were confirmed as 
evaluation factors, and the rating domain was defined with five grades as follows. 

U= {Occurrence, Severity, Detection} 
V= {Very low, Low, Moderate, High, Very High} 
For the fuzzy calculation, each evaluation factor was classified into five grades (see Tables 3–5). 
 

Table 3 - Probability of occurrence rating scale classified by grade, defining likelihood bands for  
 occurrence 

Grade Rating Probability of occurrence 

1 Remote Failure is unlikely (<1 in 1 500 000) 

2 Low Relatively few failures (1 in 150 000 to 1 in 15 000) 

3 Moderate Occasional failures (1 in 200 to 1 in 81) 

4 High Repeated failures (1 in 80 to 1 in 20) 

5 Very High Failure is almost inevitable (>1 in 3) 
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Table 4 - Severity rating scale classified by grade, summarizing impact levels on product quality 

Grade Rating Severity (Effect on product quality) 

1 Remote No negative effect 

2 Low Effect on technical procedures only, no effect on product quality 

3 Moderate Increased variation of product parameters or slight deviations from noncritical 

product specifications may occur that may require some moderate measures 

e.g. increased frequency of in-process controls, additional tests. 

4 High Significant deviations from product specifications may occur that would 

require immediate measures e.g. blocking of a batch, recall. 

5 Very High Product safety and efficacy may be impaired 

 
Table 5 - Probability of detection rating scale classified by grade, indicating detection levels of failures 

Grade Rating Probability of detection 

1 
Very high 

detectability 

Almost certain: The implemented controls will detect potential cause or 

mechanism e.g. 100% automated check with alarm, or the failure will almost 

certainly be detected in the following work progress. 

2 
High 

detectability 

High: High chance that implemented controls will detect potential cause or 

mechanism e.g. 100% check with several different measures, such as 

monitoring process parameters + alarm 

3 
Moderate 

detectability 

Moderate: Moderate chance that implemented controls will detect potential 

cause or mechanism e.g. periodic in-process checks or easily recognizable 

failure and there is some sort of control. 

4 
Low 

detectability 

Low: Low chance that implemented controls will detect potential cause or 

mechanism e.g. periodic checks or failure may not be easily detectable. 

5 
Very low 

detectability 
Very low: The failure is not detectable or there is no routine check for it. 

 
To determine the weight domain corresponding to the evaluation-factor domain U, a pairwise 

comparison table was prepared and the comparison matrix A was constructed. 
 

𝐴 = (
1 1/3   3

3   1     5
1/3 1/5 1

) 

 
The relative-importance vector was calculated as W = (0.258 0.637 0.105). 
The maximum eigenvalue 𝜆max of the original pairwise comparison matrix was calculated from 

the comparison matrix D and vector W. The consistency index CI and consistency ratio CR were then 
computed. 

𝜆max = 3.039, CI = 0.019, RI = 0.58 
CR = 0.033 
Because CR < 0.1, the judgments were considered consistent and acceptable. 
Accordingly, the relative importance of O, S, and D was 0.258, 0.637, and 0.105, respectively. 

3.2 Case study of the risk assessment 

To demonstrate the applicability of the AHP–FCE-based method, a solid dosage-form production 
process from a pharmaceutical plant was used as a case study. 

Quality risk identification for the solid dosage-form process was performed by experts from the 
quality risk management team, and the results are presented below. 

 
Table 6 - Quality risk identification of solid preparation production process, listing process units, risk  
events, and associated risk factors 

Process unit Risk events Failure-mode factors 

Weighing 
Weighing errors, dust generation, cross-

contamination 

Calibration 

Cleanliness of area 

Milling and 

Sieving 

Uniformity of particle size, homogeneity of 

product 

Milling time 

Sieving speed 
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Mixing Uniformity of product Mixing time 

Stirring 
Tablet breakage, influence on disintegration 

rate 

Dosage of binding agents 

Adding speed of binding agents 

Stirring time 

Granulation 
Direct influence on disintegration time, 

hardness, and abrasion rate 

Mesh size 

Perfection of sieve 

Drying 

Reduced granule flowability, inappropriate 

content of active ingredient, tablet breakage 

due to over-drying 

Drying time 

Drying temperature 

Compression 
Tablet weight variance from the standard, 

tablet breakage 
Adjustment of compressor 

Covering with 

Aluminum foil 

Moisture absorption or contamination due to 

not strict coverage 

Pressure of compressed air 

Sealing temperature 

 
To enable comparison of quality risk assessment results, the traditional FMEA RPN values were 

classified into five grades as shown below. The RPN interval thresholds follow commonly used 
FMEA risk acceptability guidance and prior process-industry applications (e.g., Pillay and Wang, 
2003; Scipioni et al., 2002) and were calibrated to the study site’s internal risk-acceptability practice. 
Consistent with industry practice, these thresholds are organization-specific rather than universal 
standards. 

 
 Table 7 - Quality risk grade according to RPN and risk acceptability, mapping RPN ranges to grades and 
actions 

RPN 
Quality risk 

grade 
Rating Risk acceptability 

80 ~ 125 5 Very High Unacceptable 

60 ~ 75 4 High 
Further risk reduction measures are required 

before production commences 

24 ~ 50 3 Moderate Consider investigating further 

12 ~ 20 2 Low 
Acceptable, but always look for continuous 

improvement 

1 ~ 10 1 Remote Broadly acceptable 

 
Then, O, S, and D were evaluated for each failure mode factor, and risk grades were assigned 

using both the traditional FMEA and the proposed method (Table 8). 
 
   Table 8 - Solid preparation production process risk assessment, comparing traditional FMEA scores with 

proposed risk grades 

Process unit Failure mode factors 

Traditional 

FMEA 

 

Risk grade 

traditional FMA 

Propose

d 

method O S D 
RP

N 

Weight 
Calibration 1 5 2 10 1 5 

Cleanliness of area 2 3 2 12 2 3 

Milling and 

Sieving 

Milling time 1 4 4 16 2 4 

Sieving speed 3 3 3 27 3 3 

Mixing Mixing time 3 5 4 60 4 5 

Stirring 

Dosage of binding agents 

Adding speed of binding 

agents  

4 5 4 80 5 5 

4 5 5 100 5 5 

Stirring time 1 4 4 16 2 4 

Granulation 
Mesh size 2 3 1 6 1 3 

Perfection of sieve 1 3 1 3 1 3 

Drying Drying time 3 5 4 60 4 5 
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Drying temperature 4 5 4 80 5 5 

Compression Adjustment of compressor 5 5 4 100 5 5 

Covering with 

aluminum foil 

Pressure of compressed air 3 5 4 60 4 5 

Sealing temperature 3 5 3 45 3 5 

 

Comparative analysis between traditional FMEA and the proposed method 

Concordance of risk rankings 

To quantify the agreement between the two approaches, the ordinal risk grades (1–5) assigned 
by the traditional FMEA and by the proposed AHP–FCE method were compared using Spearman’s 
rank correlation coefficient. For the 15 failure modes considered, the correlation between the two 
sets of risk grades was moderate (ρ=0.69), indicating that the methods share a general trend in risk 
prioritization but differ substantially for several individual failure modes. The moderate Spearman 
correlation should not be interpreted as simple disagreement or random noise; it indicates that the 
two methods are not interchangeable and that the proposed model changes priorities for a specific 
subset of failure modes. When risk grades were dichotomized into “low-to-moderate” (grades 1–3) 
and “high” (grades 4–5), Cohen’s kappa coefficient was 0.48, corresponding to fair-to-moderate 
agreement, which supports the view that the proposed method reclassifies a nontrivial subset of 
risks into higher priority levels. 

Reclassification patterns and risk spectrum 

Beyond the increase in the number of high-risk factors from 7 to 11, the overall risk spectrum 
shifted upward under the proposed method. The mean risk grade across all 15 failure modes 
increased from 3.13±1.55 (traditional FMEA) to 4.33±0.90 (proposed method), and given that the 
risk grades are ordinal, the paired comparison was evaluated using the Wilcoxon signed-rank test 
(two-sided), which showed a significant upward shift (𝑝 = 0.0043). Focusing only on failure modes 
with severity scores ≥ 4, the average grade increased from 3.64 to 4.82 (Wilcoxon signed-rank 𝑝 =
0.0156), indicating that high-severity risks were systematically promoted into higher risk categories, 
while low-severity modes showed a smaller, non-significant change (1.75→3.00, Wilcoxon signed-
rank 𝑝 = 0.25). This selective upward reclassification suggests that the AHP weighting amplifies the 
influence of severity without uniformly inflating all risk estimates. 

Impact on prioritization and resource allocation 

To illustrate the practical implications of the different rankings, we compared the cumulative 
“risk load” covered when progressively addressing failure modes in order of priority, where risk 
load is defined as the sum of severity scores across all modes. If resources were allocated to the 
top five ranked failure modes, both methods covered 38.5% of the total severity load; with the top 
eight failure modes, coverage increased to 61.5% for both methods. This equality reflects the 
identical set of highest-severity items appearing at the top of both rankings in this case study. In 
settings where severe but infrequent failures are under-ranked by RPN, severity-weighted 
prioritization is expected to yield larger differences in coverage for a fixed number of items. 

Sensitivity to expert judgment and robustness of rankings 

A sensitivity analysis was performed by perturbing the AHP weights within ±10% of their 
baseline values while maintaining normalization, and recomputing grades using the same expert-
frequency evaluation matrix framework defined in Section 2. Across 1,000 random perturbation 
scenarios, the identity of the top five high-risk failure modes remained completely stable in 100% 
of cases, and at least four out of five remained unchanged in 100% of cases. By contrast, when the 
traditional FMEA scores were perturbed by adding ±1 random point to O, S, or D (bounded to 1–5) 
and grades were recomputed using Table 7 thresholds, the composition of the top five failure 
modes changed in 99.3% of simulations. These results indicate that the proposed method produces 
a more robust and stable prioritization against small variations in expert scoring, which is desirable 
in a subjectivity-prone QRM environment. 
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Alignment with expert qualitative judgment 

This comparison requires an independent list of expert-nominated “most critical” failure modes 
collected outside the scoring exercise. The expert nominations and their agreement with ranking 
methods are summarized in Table 9. 

Five experts independently nominated up to five “most critical” failure modes based on their 
experience (Table 9). Three of the expert-nominated modes (FM1, FM3, FM4) appeared in the top-
five list of the traditional FMEA (60% overlap), whereas four modes (FM1, FM2, FM3, FM5) appeared 
in the top-five list of the proposed method (80% overlap). Notably, FM2, a drying-related failure 
mode unanimously judged as critical by all experts, was ranked seventh by the traditional RPN but 
second by the AHP–FCE method, illustrating the improved alignment of the proposed approach 
with expert judgment. 

 
   Table 9 - Expert judgment on critical failure modes and agreement with ranking methods 

Failure 

mode ID 
Process unit 

Failure 

mode 

description 

No. of 

experts 

nominatin

g as 

“critical” 

(𝒏 = 𝟓) 

Included in 

top-5 

(Traditional 

FMEA) 

Rank 

(Traditio

nal RPN) 

Included 

in top-5 

(Propose

d 

method) 

Rank 

(AHP

–FCE) 

FM1 Mixing 
Inadequate 

mixing time 
5 Yes 1 Yes 1 

FM2 Drying 

Excessive 

drying 

temperature 

5 No 7 Yes 2 

FM3 Compression 

Incorrect 

compressor 

adjustment 

4 Yes 2 Yes 3 

FM4 Granulation 
Improper 

mesh size 
3 Yes 4 No 6 

FM5 Sealing (Al foil) 

Insufficient 

sealing 

temperature 

3 No 6 Yes 4 

 

Table 8 shows a clear upward shift in risk classification toward higher priority items under the 
proposed method. 

Quantitatively, 11 of 15 factors (73.3%) shifted to a higher risk grade, 4 (26.7%) remained 
unchanged, and none decreased. The most frequent upward transitions were 4→5 (3 items) and 
2→4 (2 items), with additional shifts of 1→3 (2 items), 1→5 (1 item), 2→3 (1 item), and 3→5 (1 item). 

Most upward shifts involved high-severity modes with lower occurrence or detection, 
underscoring the limitation of equal weighting in the traditional RPN. The direction of these 
discordant shifts was driven mainly by the AHP criterion weights, which assigned greater 
importance to severity than the conventional multiplicative RPN structure. The FCE membership 
functions did not create a separate ranking logic; rather, they translated the weighted expert 
evaluations into final ordinal risk grades. 

 

 

Figure 2 - Counts of risk grade transitions from traditional FMEA to the proposed method (Table 8) 
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Although some factors had relatively low RPN values, the proposed method still prioritized 
those with potentially serious quality impacts, thus enabling preventive control before production. 

A summary comparison of the two approaches is provided in Table 10. 
 

   Table 10 - Summary comparison of traditional FMEA and the proposed method 

Item Traditional FMEA Proposed AHP–FCE method 

High-risk factors (grade 4–5) 7 11 

Grade change tendency 
Underestimates high-severity, 

low O/D risks 

Elevates high-severity risks via 

weighting 

Decision implication Fewer items flagged Broader preventive control 

 
Method validation against GMP batch records from the Jinung Pharmaceutical Factory 

(Pyongyang, DPRK) during 2023–2024 showed practical effectiveness in routine production. Failure 
rate was defined as the proportion of batches with GMP deviations requiring rework or batch 
rejection, and the comparison was an observational before/after implementation review using the 
same production lines and acceptance criteria. For albendazole (n=254 batches) and tetracycline 
(n=426 batches), failure rates after implementation of the proposed AHP-FCE method were lower, 
decreasing from 2.8% and 2.7% (traditional FMEA) to 1.1% and 1.4%, respectively (average 
reduction 54%) indicating that the proposed risk assessment approach could improve 
manufacturing performance in practice. 

4 DISCUSSION 

From an operations and production management perspective, the results show that risk-
prioritization structure functions as a managerial policy lever, not only as a technical scoring rule. 
When equal-weight RPN is replaced by weighted and fuzzy aggregation, the prioritization frontier 
shifts toward high-impact failure modes, which changes how preventive actions are sequenced, 
how inspection effort is distributed, and how cross-functional teams (production, QA, and QC) 
negotiate control trade-offs. In this sense, the AHP–FCE configuration supports both better risk 
discrimination and more transparent governance of decisions on process quality. 

The study also contributes to the FMEA-improvement literature by linking methodological 
changes to operational outcomes. Rather than reporting only rank differences, the analysis 
connects reclassification behavior to routine manufacturing performance (batch-failure reduction), 
indicating practical value for resource-allocation decisions under capacity constraints. This 
strengthens the argument that multi-criteria, uncertainty-aware risk models can improve decision 
quality when production systems face heterogeneous failure profiles and limited preventive 
resources. 

The theoretical contribution of this study is the formulation of pharmaceutical risk prioritization 
as a risk-governance architecture rather than as a revised scoring formula alone. In this 
architecture, three decision layers are made explicit: (1) criterion preference elicitation, where the 
relative importance of occurrence, severity, and detection is derived and checked for consistency; 
(2) uncertainty-aware synthesis, where dispersed expert ratings are converted into risk grades; and 
(3) operational feedback, where the resulting priorities are examined against routine quality 
outcomes in manufacturing. This framing extends FMEA-based risk assessment from a ranking 
exercise to a traceable decision mechanism for regulated production systems. 

The contribution is therefore not the invention of AHP, FCE, or a new mathematical operator. Its 
theoretical value lies in specifying how weighting logic, judgment uncertainty, and manufacturing-
performance feedback can be connected in one auditable decision chain. This is important for 
operations and production management because risk prioritization determines the sequence of 
preventive actions, the allocation of QA/QC resources, and the justification of CAPA decisions under 
limited operational capacity. In GMP manufacturing, this decision chain is especially important 
because risk priorities must remain compatible with batch release, deviation management, 
validation status, change control, and regulatory inspection. 

This positioning also clarifies the boundary of the contribution in relation to prior FMEA 
extensions. The study does not claim that AHP, FCE, or their combination is new in itself. Traditional 
RPN-based FMEA has well-known limitations related to equal treatment of occurrence, severity, and 
detection, duplicate RPN values, and weak representation of expert uncertainty. However, many 
hybrid methods have already addressed parts of these limitations through fuzzy logic, grey theory, 
AHP, TOPSIS, evidential reasoning, and other multi-criteria decision models. Therefore, the 
contribution of the present study is not merely to identify limitations in conventional FMEA.  
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The specific limitation addressed here is that prior extensions often emphasize one part of the 
decision problem-for example, improved ranking discrimination, fuzzy representation of uncertain 
judgments, or criterion weighting-whereas fewer studies organize these elements as a GMP-
oriented risk-governance protocol linked to operational quality performance. The proposed 
framework differs by integrating four elements in one workflow: auditable weighting of FMEA 
criteria, uncertainty-aware aggregation of expert judgments, translation into CAPA-relevant risk 
grades, and retrospective assessment against batch-level quality indicators. AHP is deliberately 
restricted to transparent and consistency-checked criterion weighting, while FCE is used to 
synthesize uncertain expert ratings into decision-ready grades. This separation of roles 
distinguishes the framework from approaches that mainly alter the ranking calculation and helps 
explain why the method is suitable for GMP risk review, CAPA prioritization, resource allocation, 
and inspection-ready justification. The fuzzy evaluation set also supports audit transparency 
because predefined categories, membership rules, expert ratings, AHP weights, aggregation 
matrices, and final grades can be retained as part of the QRM record, consistent with the 
documentation-oriented expectations of ICH Q9(R1). 

This distinction can be seen in comparison with de Souza et al. (2022), who combined FMEA with 
composition of probabilistic preferences and weighting of FMEA criteria for fast decision-making in 
complex project scenarios. Both studies treat FMEA as a structured multi-criteria prioritization 
problem. However, de Souza et al. focus on project-risk prioritization and probabilistic preference 
composition, whereas the present study focuses on GMP quality risk, separates AHP-based 
criterion weighting from FCE-based judgment aggregation, and examines whether the resulting 
grades are consistent with routine batch-quality indicators. The computational burden remains 
manageable because AHP is applied to the three risk criteria rather than to every failure mode; 
when the failure-mode list expands, the additional work is mainly repeated FCE matrix calculation 
that can be prepared before CAPA meetings. In practice, the main expert time is spent on the initial 
O/S/D scoring and on resolving divergent ratings; the subsequent matrix aggregation and 
defuzzification are spreadsheet-level calculations. Once the AHP weights and rating template are 
fixed, additional failure modes can be processed by entering the five expert ratings and applying 
the same formulas. 

For transfer to other organizations, the framework requires four basic inputs: a defined list of 
process failure modes, agreed O/S/D rating rules, cross-functional expert judgments, and routine 
quality-performance data such as deviations, rework, rejection, or batch-failure records. The 
required expertise should include production, QA, QC, and process or validation personnel, 
because the method depends on both shop-floor knowledge and quality-system interpretation. 
Implementation can be integrated into existing FMEA or QRM meetings by adding three activities: 
AHP-based weighting of O/S/D criteria, FCE-based aggregation of expert ratings, and periodic 
review of whether high-grade risks are reflected in CAPA priorities and subsequent quality 
indicators. 

At the same time, interpretation should remain cautious. The empirical evidence is based on a 
single-site, before/after implementation setting with two product lines and no concurrent control 
line, so internal and external validity are not fully established. Potential confounders such as staff 
learning, equipment maintenance or upgrades, and seasonal raw-material variation cannot be fully 
excluded.. Future research should evaluate multi-plant datasets, additional dosage forms, and 
other regulated manufacturing sectors such as medical devices, food production, cosmetics, and 
chemical processing. Prospective controlled before/after studies, multi-period interrupted time-
series designs, comparison with alternative FMEA extensions, and sensitivity testing for weight 
elicitation and membership-function design would help define when the observed performance 
gains generalize across industries, process architectures, and quality-system maturity levels. 

5 CONCLUSION 

This study develops and applies an AHP–FCE risk-prioritization model for quality management 
in production, extending conventional RPN-based FMEA with explicit weighting and fuzzy 
aggregation. In operational terms, the framework improves discrimination of high-impact failure 
modes while maintaining traceable decision logic for cross-functional GMP reviews. Empirically, the 
model produced a significant upward reclassification of critical risks (Wilcoxon signed-rank test, 𝑝 =
0.0043) and was associated with lower batch-failure rates in routine production (albendazole: 2.8% 
to 1.1%; tetracycline: 2.7% to 1.4%). 

For operations and production management research, the main contribution is to show that 
risk-scoring architecture is a managerial design lever, not only a compliance formality. By coupling 
auditable expert weighting with uncertainty-aware evaluation, the proposed approach supports 
better prioritization of improvement actions, more coherent resource allocation, and stronger 
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process-governance transparency. Future studies should test multi-plant settings, additional 
product families, and comparative performance against other multi-criteria prioritization models 
to define boundary conditions and external validity. Validation should particularly prioritize high-
complexity pharmaceutical processes where uncertainty, interacting process parameters, and 
expert judgment are more prominent than in the solid dosage-form setting studied here, such as 
sterile injectable manufacturing, aseptic filling, lyophilization, biologics or vaccine production, 
continuous manufacturing, and personalized or small-batch production. These settings may derive 
greater value from fuzzy aggregation because risk evidence is often incomplete, linguistically 
expressed, or difficult to reduce to stable occurrence frequencies. To reduce model fragility, reliable 
implementation should use an expert panel of at least five members with cross-functional 
representation from production, quality assurance, quality control, validation, and engineering or 
process-development expertise when available. Pairwise-comparison matrices should continue to 
satisfy the standard CR<0.10 threshold, but this numerical criterion should be accompanied by 
documented expertise diversity and consensus review of strongly divergent pairwise judgments. 

Pharmaceutical implications 

For pharmaceutical production systems, the framework can be embedded in routine quality 
and operations meetings as a structured decision-support protocol for risk review, control 
planning, and CAPA prioritization. It helps teams move from equal-weight scoring to evidence-
based prioritization aligned with process impact, detectability, and operational feasibility. At the 
implementation level, the approach improves consistency across quality assurance, quality control, 
and manufacturing functions, strengthens justification trails for inspections and batch-disposition 
decisions, and supports continuous improvement through clearer linkage between risk ranking and 
shop-floor performance outcomes. 
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