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Human-centered artificial intelligence (AI) is increasingly recognized as important to advancing 
quality, safety, and trust in healthcare analytics, yet most validation frameworks continue to prioritize 
technical metrics over interpretability and stakeholder experience. Quality Function Deployment 
(QFD) offers a systematic method for translating customer requirements into technical design, but its 
application within healthcare AI remains limited. This study adapts QFD methodology to systematically 
align user feedback with prioritized technical requirements in healthcare AI systems. The analysis 
encompassed 14,938 patient reviews from 53 hospitals, from which 1,279 negative reviews were 
extracted for thematic analysis using large language model-driven coding (Cohen’s Kappa = 0.81) and 
empirical factor structure, mapping multidimensional patient needs to technical specifications through 
a House of Quality matrix. Sensitivity analysis revealed that Granular Categorization demonstrated 
the highest improvement potential, achieving 21.9% advantage over LLM Coding Accuracy. This 
framework offers a potential approach for integrating technical validation and human-centered quality 
assessment, and may provide guidance for developing trustworthy, interpretable, and equitable 
digital medicine. While validation is limited to Malaysian private hospitals, the methodology offers a 
potentially scalable approach for healthcare AI development that warrants further validation. Future 
directions include real-world deployment across diverse populations and dynamic regulatory contexts.
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Artificial intelligence (AI) is rapidly shaping the future of healthcare analytics, promising transformative 
advances in diagnostic support, patient engagement, and operational efficiency1. However, the translation of 
AI developments into clinically impactful systems faces considerable barriers2, notably the AI translation gap; 
where robust algorithmic metrics do not automatically equate to improved patient outcomes, trust, or clinical 
adoption3. This disconnect is aggravated by most validation frameworks’ emphasis on technical measures such 
as accuracy and precision, often at the expense of user experience, interpretability, and real-world usability4.

Healthcare’s complex operational environments require that AI systems are not only performant but also 
human-centered, transparent, and ethically robust5. Recent international frameworks, including the FUTURE-
AI consensus guideline6, WHO guidelines on AI ethics in healthcare, and the FDA’s Good Machine Learning 
Practice principles, consistently call for approaches that achieve stakeholder alignment, support continuous 
feedback, mitigate bias, and elevate patient voices throughout the AI lifecycle6–8. Despite these imperatives, few 
practical methodologies exist to systematically translate diverse user requirements into actionable, prioritized 
technical specifications; a gap this study aims to address.

Quality Function Deployment (QFD), a proven methodology for mapping customer requirements into 
engineering targets, offers a potential solution. Developed in the manufacturing sector9,10, QFD’s strengths in 
structuring stakeholder feedback and prioritizing design have enabled significant success in industries ranging 
from automotive to healthcare quality management11–13. QFD aligns conceptually with HCAI principles: both 
prioritize stakeholder voice, systematic translation of qualitative requirements into quantifiable specifications, 
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and continuous improvement cycles. Yet, QFD’s application to healthcare AI; where balancing technical 
capability and human-centered values is critical and remains underexplored.

Human-centered AI (HCAI) has emerged as a critical direction in the pursuit of transparent, safe, and usable 
intelligent systems in healthcare7,14,15. HCAI emphasizes deep integration of stakeholder feedback, rigorous 
interpretability, and robust ethical safeguards, moving decisively beyond purely algorithm-centric models16,17. 
Models built on stakeholder involvement demonstrate increased adoption, reduced clinical risk, and meaningful 
improvements to workflow and patient experience18,19. Advances in natural language processing (NLP) and 
large language models (LLMs) have substantially increased the capacity to systematically mine patient and 
provider feedback at scale20–22. Reliable coding and robust factor-analytic validation now enable nuanced user 
perspectives to be mapped into actionable design requirements23.

However, the integration of feedback with existing workflows and technical prioritization frequently relies on 
manual, ad hoc, or expert-driven processes; lacking the systematic frameworks needed for consistent, evidence-
based improvement. Responsible and explainable AI frameworks continue to strive toward trust, bias mitigation, 
privacy, and auditability, yet operationalizing these values remains challenging24–28. Implementation science and 
stakeholder engagement, particularly among underserved patient groups; are central to real-world adoption and 
equity in digital health innovation29,30. A crucial gap persists: despite growing recognition of HCAI principles, 
few published frameworks have systematically integrated QFD methodology with empirically validated, large-
scale patient feedback to generate prioritized technical requirements specifically for healthcare AI analytics 
systems31.

To date, prior studies either leverage QFD in narrowly defined service improvement projects or analyze user-
centric AI with minimal technical specification mapping32. The lack of continuous feedback integration and 
explicit linking of technical requirements to validated constructs constrains the advancement of trustworthy, 
clinically applicable AI systems.

This study proposes a QFD framework for healthcare AI with initial empirical support from a Malaysian 
private hospital context. By adapting classic QFD to integrate large language model-driven thematic analysis, 
robust factor structure, and multidimensional stakeholder input, this research proposes a potentially scalable 
methodology for translating real-world patient reviews into prioritized technical requirements. This approach 
may support dynamic, evidence-based prioritization and continuous improvement, potentially helping to 
address the research gap for safe, equitable, and human-centered digital medicine.

Methodology
Conceptual background: healthcare AI and house of quality
For the purposes of this study, ‘Healthcare AI’ refers specifically to artificial intelligence systems designed 
for patient feedback analytics, quality assessment, and experience monitoring. This operational definition 
encompasses NLP-based text analysis, sentiment classification, thematic coding, and pattern recognition applied 
to patient-generated content. The scope excludes clinical decision support systems, diagnostic algorithms, and 
treatment recommendation engines, which involve distinct regulatory and validation requirements under FDA 
and international medical device frameworks33,34.

The House of Quality is the primary planning matrix in QFD methodology, structured as follows: the ‘left 
wall’ contains customer requirements (Voice of Customer); the ‘ceiling’ lists technical requirements; the central 
‘relationship matrix’ quantifies connections between customer needs and technical capabilities; the ‘roof ’ 
(correlation matrix) identifies interdependencies among technical requirements; and the ‘basement’ contains 
priority calculations and benchmarking data9,35. This study adapts each HOQ component to accommodate the 
unique characteristics of healthcare AI development, integrating HCAI principles to ensure holistic consideration 
of ethical and practical dimensions6. The mapping of HCAI principles to QFD elements is shown in Table 1.

Research design overview
Figure 1 presents the overall research methodology flowchart, illustrating the five-phase process for developing 
prioritized technical requirements through the QFD framework.

Phase 1: data collection and preprocessing The study collected 14,938 patient reviews from Google Maps 
across 53 private hospitals in Selangor, Malaysia over a 12-month period (January–December 2023). Of these, 
12,035 (81%) reviews were accompanied by comments, while 2,903 (19%) contained ratings only and were 
excluded from analysis. A machine learning classifier integrating natural language processing with support 
vector machine and logistic regression algorithms was employed to detect potentially fraudulent reviews. The 
classifier was trained and tested on labelled datasets from yelp.com, a platform that separates fake reviews 
from authentic reviews. The preprocessing pipeline included standardization, punctuation removal, numerical 
removal, tokenization, stop word removal, and trigram formation. The classifier achieved precision of 0.87, recall 

HCAI principle QFD component Operationalization

Transparency Relationship matrix Explicit documentation of VOC-technical requirement linkages with strength ratings

Stakeholder inclusion Voice of customer Patient feedback serves as primary input; expert panel validates ratings

Fairness Priority calculation Weighted prioritization ensures high-frequency concerns receive appropriate attention

Privacy Technical requirements Data privacy protocols included as explicit technical requirement

Reliability Roof matrix Inter-requirement correlations identify synergies and trade-offs

Table 1.  Mapping of HCAI principles to QFD elements.
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of 0.89, and accuracy of 0.88 on the validation dataset. Following fake review removal (n = 1,121; 9.3% of reviews 
with comments), sentiment classification using the GPT-4o mini model API isolated 1,279 negative reviews 
containing substantive quality concerns for thematic analysis. The exclusive focus on negative reviews reflects 
QFD methodology’s emphasis on identifying improvement opportunities, which are most clearly articulated in 
negative feedback36.

Phase 2: voice of customer (VOC) extraction Thematic coding employed GPT-4 with a structured prompt 
specifying 41 predefined thematic categories derived from healthcare quality literature. Each review was coded 
independently with multi-label assignment permitted. The coding schema was iteratively refined through three 
pilot rounds involving 100 reviews each, with expert feedback incorporated after each round. Human validation 
on a random sample of 200 reviews achieved Cohen’s Kappa of 0.81 (95% CI: 0.76–0.86, p < 0.001), confirming 
substantial inter-rater agreement between human and AI coding. The complete list of thematic codes is provided 
in Supplementary Table S3.

Phase 3: factor analysis and VOC validation Exploratory factor analysis verified sampling adequacy 
(KMO = 0.89, Bartlett’s test p < 0.001) and employed Varimax rotation with eigenvalue > 1 criterion for factor 
retention. Six latent constructs emerged representing distinct patient concern dimensions, with Cronbach’s alpha 

Fig. 1.  Research methodology flowchart illustrating the five-phase QFD framework.
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coefficients ranging from 0.61 to 0.97. Severity weighting (1–5 scale: 1 = minor inconvenience, 2 = moderate 
concern, 3 = significant issue, 4 = serious problem, 5 = critical failure) and frequency-based adjustments 
determined relative VOC importance. Strategic weights were assigned according to VOC category frequency: 
high-priority categories (> 300 reviews) received weight 1.5; medium-priority (100–300 reviews) received 1.2; 
low-priority (< 100 reviews) received 1.037. Details on the factor analysis results is provided in Supplementary 
Table S2.

Phase 4: technical requirements development Eight technical requirements were derived through systematic 
mapping of HCAI principles and XAI frameworks to healthcare AI capabilities (Table 2). A modified Delphi 
process with three domain experts established consensus (≥ 80% agreement) on TR definitions and VOC-TR 
relationship strengths. The expert panel comprised a QFD and quality management specialist with experience 
in healthcare service design, a medical doctor, and a statistical expert specializing in psychometric validation 
and factor analysis. Experts independently proposed requirements based on: (a) established NLP performance 
standards (BLEU, ROUGE, F1 metrics); (b) Explainable AI taxonomies (LIME, SHAP interpretability 
frameworks); and (c) healthcare analytics literature.

Phase 5: house of quality construction The HOQ matrix integrated VOC constructs, technical requirements, 
and relationship assessments using standard QFD scaling: strong (9), moderate (3), weak (1), and none (0). 
Relationship ratings were determined through expert consensus: experts independently assigned ratings, 
disagreements (> 2-point differences) were discussed in facilitated sessions, and final ratings required ≥ 80% 
agreement.

Current performance for each VOC category was calculated as the weighted average severity of complaints:

	
ti =

∑K

k=1 number of complaints at severity level k × k

total number of complaints in category i

where k represents observed severity levels. The target performance (ui) was uniformly set at 5.0, representing 
the excellence benchmark. The improvement ratio for each category was then computed as:

	
vi = ui

ti

To derive the final priority scores for each technical requirement, the absolute weights of the VOCs were 
multiplied by the corresponding relationship strengths (Rij) and summed across all VOCs:

	
P Sj =

n∑
i=1

(zi × Rij)

where PSj is the priority score for technical requirement j, zi is the absolute weight for VOC i, Rij is the relationship 
strength between VOC i and technical requirement j, and n is the total number of VOC categories.

The strategic weight (wi) was assigned according to the frequency of each VOC category, with values of 1.5, 
1.2, and 1.0. These specific weights were chosen to reflect the relative frequency and strategic importance of 
each VOC category, following QFD best practices and recent literature recommendations37. A weight of 1.5 was 
assigned to high-priority VOC categories, defined as those mentioned in more than 300 reviews, to emphasize 
their widespread impact and ensure that system improvements addressing these needs are prioritized. Medium-
priority VOC categories, mentioned in 100–300 reviews, were assigned a weight of 1.2, recognizing their 
moderate but significant importance. Low-priority VOC categories, mentioned in fewer than 100 reviews, 
received a baseline weight of 1.0, ensuring all needs are considered but that less frequent issues do not overshadow 
more common concerns. The use of these weights is consistent with QFD practice, where stepwise increments 
between 1.0 and 1.5 are commonly used to distinguish between tiers of customer importance or market impact, 
and the values are chosen to be large enough to affect prioritization while maintaining a balanced scheme. This 
approach also provides simplicity and transparency for stakeholder communication and future replication.

The absolute weight for each VOC was calculated as:

	 zi = si × vi × wi

Technical requirement Literature source Standard metric XAI/HCAI link

LLM coding accuracy Khanbhai et al.21 F1-score, Cohen’s Kappa Reliability principle

Human-AI agreement Chen et al.16 Inter-rater reliability Human oversight

Sentiment analysis precision Feizollah et al.38 Precision, Recall Interpretability

Factor analysis validity Cronbach and Meehl39 Cronbach’s α, KMO Construct validity

Data processing efficiency Van Der Vegt et al.19 Throughput, latency Usability

Fake review detection Kim and Kwak40 Precision, recall Data integrity

Granular categorization Hake et al.41 Category coverage Transparency

Real-time processing Feng et al.42 Response time Actionability

Table 2.  Technical requirements provenance and literature mapping.
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Sensitivity analysis confirmed that priority rankings remained stable under ± 20% weight variations.
Quality checkpoints (QC1-QC5) were embedded throughout the methodology to ensure data quality, 

coding reliability, construct validity, expert consensus, and matrix validation. The QFD process was designed 
for continuity, with quarterly re-collection of VOC data and re-evaluation of technical requirements to ensure 
ongoing alignment with evolving user needs and healthcare standards.

House of quality framework
Figure  2 illustrates the House of Quality (HOQ) framework adapted for healthcare AI system design. The 
HOQ structure comprises six interconnected components that systematically translate patient feedback into 
prioritized technical requirements.

Left wall (voice of customer) The left wall captures the Voice of Customer (VOC) derived from factor analysis. 
Six validated constructs emerged: Service and Communication Effectiveness (F1; α = 0.97), Clinical Care and 
Patient Experience (F2; α = 0.92), Appointment and Patient Flow (F3; α = 0.89), Facilities and Amenities Quality 
(F4; α = 0.90), Financial and Insurance Management (F5; α = 0.88), and Patient Rights and Accessibility (F6; 

Fig. 2.  House of Quality (HOQ) framework for Human-Centered AI system design in healthcare patient 
feedback analytics.
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α = 0.61). These constructs represent the “Whats”—what patients value and expect from healthcare services that 
AI systems must effectively capture and analyze.

Ceiling (technical requirements) The ceiling houses eight technical requirements (TRs) derived from HCAI 
principles and XAI literature: LLM Coding Accuracy (T1), Human-AI Agreement Reliability (T2), Sentiment 
Analysis Precision (T3), Factor Analysis Validity (T4), Data Processing Efficiency (T5), Fake Review Detection 
(T6), Granular Categorization Coverage (T7), and Real-time Feedback Processing (T8). These represent the 
“Hows”—engineering characteristics that determine how effectively the AI system addresses patient needs.

Relationship matrix (center) The central matrix quantifies the strength of relationships between each VOC 
construct and technical requirement. For instance, Service and Communication Effectiveness (F1) exhibits strong 
relationships (score = 9) with LLM Coding Accuracy (T1), Human-AI Agreement (T2), Sentiment Precision (T3), 
and Granular Categorization (T7), reflecting the complexity of communication-related feedback that demands 
high analytical precision. Conversely, Patient Rights and Accessibility (F6) show strong relationships primarily 
with Sentiment Precision (T3) and Fake Review Detection (T6), indicating that rights-related concerns require 
accurate sentiment interpretation and authentic feedback verification.

Right wall (planning matrix) The planning matrix contains strategic planning elements: importance ratings 
reflecting the relative weight of each VOC construct, current performance assessments, target performance 
goals, improvement ratios, and absolute weights.

Roof (correlation matrix) The triangular roof depicts inter-correlations among technical requirements, 
identifying synergies and trade-offs. Strong positive correlations (r > 0.78) exist between LLM Coding Accuracy 
and Granular Categorization, suggesting that improvements in one capability reinforce the other. Notably, 
negative correlations were identified between Granular Categorization and Real-time Processing (r = -0.25, 
p < 0.05) and between LLM Coding Accuracy and Data Processing Efficiency (r = -0.18, p < 0.10), indicating 
resource allocation trade-offs that require explicit consideration during system design.

Basement (technical priorities) The basement consolidates priority scores. Granular Categorization (T7) 
achieved the highest priority score (191.58), followed by Sentiment Analysis Precision (T3; 168.89) and LLM 
Coding Accuracy (T1; 157.13). Technical requirements were categorized as Critical (score > 150), High (130–150), 
Moderate (100–130), or Low (< 100), with corresponding target specifications established for implementation 
guidance.

Ethical considerations
Data analyzed in this study were obtained from publicly accessible online review platforms where patients 
voluntarily share feedback. No personally identifiable information was collected or stored. Given the use of 
publicly available data without direct participant interaction, institutional review board approval was not 
required under Malaysian research ethics guidelines. The study adhered to platform terms of service for data 
collection.

Results
Patient feedback analysis and thematic structure
Analysis of 1,279 negative patient reviews yielded 41 granular thematic codes consolidated into ten primary 
quality dimensions. Service Quality and Professionalism led at 511 reviews (39.9%), followed by Communication 
Issues at 506 reviews (39.6%) and Waiting Time at 382 reviews (29.9%). This hierarchy suggests a predominant 
focus on interpersonal and operational aspects rather than clinical outcomes alone. Multiple thematic mentions 
occurred in 48.7% of reviews, indicating interconnected patient experience dimensions. The complete frequency 
distribution of thematic codes is provided in Supplementary Table S1.

Methodological reliability achieved Cohen’s Kappa of 0.81 between AI and expert coders (95% CI: 0.76–0.86, 
p < 0.001), exceeding the threshold for substantial agreement and supporting the reliability of the LLM-based 
thematic coding approach.

Empirical factor structure and strategic prioritization
Exploratory factor analysis consolidated the 41 thematic codes into six latent constructs representing distinct 
patient concern dimensions. Table 3 presents the Customer Needs (Voice of Customer) Planning Matrix, 
integrating factor structure with strategic prioritization elements.

Customer need (VOC) Importance* Current performance† Target performance† Improvement ratio Absolute weight‡ Priority rank

Service & communication effectiveness 5 4.85 5.0 1.03 7.73 1

Clinical care & patient experience 4 4.60 5.0 1.09 5.65 2

Appointment & patient flow 4 4.45 5.0 1.12 5.39 3

Financial & insurance management 3 4.40 5.0 1.14 3.41 4

Facilities & amenities quality 3 4.50 5.0 1.11 3.33 5

Patient rights & accessibility 2 3.05 4.5 1.48 2.36 6

Table 3.  Customer needs (voice of customer) planning matrix. *Importance: Scale 1–5 (5 = most critical); 
†Performance: Scale 1–5 (5 = excellent performance); ‡Absolute Weight = Importance (si) × Improvement Ratio 
(vi) × Strategic Weight (wi).
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Service and Communication Effectiveness demonstrated highest complexity with highest absolute weight 
(7.73), reflecting patient emphasis on interpersonal healthcare dimensions. Clinical Care and Patient Experience 
ranked second (5.65), followed by Appointment and Patient Flow (5.39). The performance gap between highest 
(97% of target) and lowest (68% of target) performing dimensions indicates heterogeneity in organizational 
capability that may warrant targeted intervention.

Patient Rights and Accessibility showed lowest current performance (3.05) with substantial improvement 
ratio (1.48) yet received lowest absolute weight (2.36) due to lower importance rating. Notably, this construct 
demonstrated lowest internal consistency (α = 0.61). Inter-item correlation analysis suggests this construct may 
be multidimensional: “Patient Rights” items (privacy, informed consent) showed weak correlations (r = 0.21–
0.34) with “Accessibility” items (physical access, language services), suggesting these may represent conceptually 
distinct dimensions requiring separate technical approaches.

VOC-technical requirements relationships
Table 4 presents the House of Quality relationship matrix quantifying the strength of associations between the 
six customer need constructs and eight technical requirements. Relationship strengths were assigned using 
a 9–3–1–0 scale based on expert consensus, where 9 indicates strong direct impact, 3 moderate supporting 
relationship, 1 weak indirect influence, and 0 no significant link.

Service and Communication Effectiveness (F1) and Clinical Care and Patient Experience (F2) demonstrated 
the highest row totals (46 and 49 respectively), indicating broad technical dependencies across the AI system 
architecture. These constructs exhibited strong relationships (score = 9) with LLM Coding Accuracy (T1), 
Human-AI Agreement (T2), Sentiment Precision (T3), and Granular Categorization (T7), reflecting the 
complexity of communication-related and clinical feedback that demands high analytical precision.

Conversely, Patient Rights and Accessibility showed the lowest row total (19), with strong relationship 
primarily concentrated on Fake Review Detection (T6; score = 9), indicating that rights-related concerns require 
authentic feedback verification more than analytical sophistication.

Column totals reveal that Granular Categorization (T7) maintains the highest aggregate relationship strength 
(34), followed by Sentiment Precision (T3; 32) and LLM Coding Accuracy (T1; 28), providing initial indication 
of technical priority before weight adjustments.

Technical requirements prioritization
Priority scores were calculated by summing the products of relationship strengths and VOC absolute weights 
across all customer need dimensions. Table 5 presents the final priority rankings with strategic categorization.

Priority scores demonstrated pronounced hierarchical structure with nearly five-fold variation (191.58 to 
39.21). Granular Categorization emerged as dominant, achieving 13.43% advantage over Sentiment Analysis 
Precision (168.89). The Critical tier encompasses three requirements (T7, T3, T1) that collectively address the 
analytical complexity demanded by high-weight VOC constructs. Human-AI Agreement Reliability (150.46) 
positioned at the Critical-High boundary, reflecting its importance for trustworthy human-centered AI 
deployment.

Figure 3 displays the priority ranking of technical requirements derived from the QFD analysis, showing 
clear stratification with priority scores ranging from 191.58 to 39.21. This nearly five-fold variation provides 
quantitative justification for differential resource allocation strategies. Granular Categorization ranks highest 
(191.58), achieving a 13.4% lead over Sentiment Analysis Precision (168.89), underscoring the essential role 
of detailed classification in qualitative patient feedback analysis. The Critical capability cluster—comprising 
Granular Categorization, Sentiment Analysis Precision, and LLM Coding Accuracy (scores 157–192)—reflects 
complementary functions: structural organization of feedback themes, emotional context capture, and reliable 
automated text processing.

Human-AI Agreement Reliability ranked fourth (150.46), positions at the Critical-High boundary, 
highlighting the importance of validation and human oversight in automated healthcare quality assessment. 
This aligns with human-centered AI design principles emphasizing trustworthy human–machine collaboration. 

Customer needs (voice of customer) T1 T2* T3 T4 T5 T6 T7 T8 Total

Service & communication effectiveness 9 9 9 3 3 1 9 3 46

Clinical care & patient experience 9 9 9 9 3 0 9 1 49

Facilities & amenities quality 3 1 3 3 9 0 3 9 31

Appointment & patient flow 3 3 1 3 9 0 9 9 37

Financial & insurance management 1 1 9 1 3 3 3 3 24

Patient rights & accessibility 3 3 1 1 1 9 1 0 19

Total 28 26 32 20 28 13 34 25

Table 4.  House of quality relationship matrix between customer needs and technical requirements. 
**Technical Requirements: T1: LLM Coding Accuracy, T2: Human-AI Agreement Reliability, T3: Sentiment 
Analysis Precision, T4: Factor Analysis Validity, T5: Data Processing Efficiency, T6: Fake Review Detection, 
T7: Granular Categorization, T8: Real-time Feedback Processing. **Relationship Strength: 9 = Strong, 
3 = Moderate, 1 = Weak, 0 = None. Significant values are in bold.
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The High tier (Data Processing Efficiency, 131.28) and Moderate tier (Real-time Processing, Factor Analysis 
Validity) represent operational and analytical enhancements respectively.

Fake Review Detection occupies the Low tier (39.21), reflecting its specialized function in data authenticity 
rather than direct patient satisfaction impact. This priority distribution supports a phased implementation 
strategy: Phase 1 (0–6 months) targeting Critical requirements with 60% of resources, Phase 2 (6–12 months) 
addressing High/Moderate requirements with 25%, and Phase 3 (12–18  months) completing Low-priority 
capabilities with 15%.

Correlation matrix analysis
The technical requirements correlation matrix (“roof ” of HOQ) revealed predominantly positive correlations 
with notable trade-offs requiring management attention. Figure 4 presents the correlation heatmap visualization.

The strongest positive correlation exists between LLM Coding Accuracy and Granular Categorization 
(r = 0.78, p < 0.001), reflecting fundamental interdependence where improvements in coding accuracy reinforce 
categorization coverage. Human-AI Agreement and LLM Coding Accuracy formed a reliability cluster (r = 0.72, 
p < 0.001). Data Processing Efficiency and Real-time Feedback Processing demonstrated strong operational 
synergy (r = 0.72, p < 0.001), suggesting shared infrastructure investments yield dual benefits.

Fig. 3.  Technical requirements priority scores ranked by weighted Voice of Customer importance.

 

Rank Technical requirement Priority score Category Strategic focus

1 Granular categorization 191.58 Critical Detailed patient feedback classification

2 Sentiment analysis precision 168.89 Critical Emotional context understanding

3 LLM coding accuracy 157.13 Critical Core AI reliability

4 Human-AI agreement reliability 150.46 High Validation and quality assurance

5 Data processing efficiency 131.28 High Operational performance

6 Real-time feedback processing 117.61 Moderate Timely response capability

7 Factor analysis validity 106.01 Moderate Statistical robustness

8 Fake review detection 39.21 Low Data authenticity

Table 5.  Technical requirements priority ranking based on house of quality analysis. Priority Categories: 
Critical (> 150): Immediate investment required—highest impact on customer satisfaction. High (130–150): 
Important for system reliability and operational excellence. Moderate (100–130): Valuable enhancements for 
competitive advantage. Low (< 100): Specialized functions with limited but important applications.
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Critically, negative correlations identify trade-offs requiring explicit management. LLM Coding Accuracy 
and Fake Review Detection exhibited a moderate negative correlation (r = -0.30, p < 0.05), indicating resource 
competition between analytical depth and authentication processing. Granular Categorization and Real-time 
Processing demonstrated a similar inverse relationship (r = -0.25, p < 0.05), reflecting the latency costs associated 
with computational complexity for fine-grained classification. A weaker negative correlation emerged between 
LLM Coding Accuracy and Data Processing Efficiency (r = -0.18, p < 0.10), suggesting computational overhead 
inherent in sophisticated language models.

These trade-offs require explicit consideration in implementation planning, particularly for real-time hospital 
environments where processing latency constraints may limit achievable granularity. System architects must 
balance analytical sophistication against operational responsiveness based on deployment context requirements.

Sensitivity analysis
Sensitivity analysis examined the impact of ± 20% variation in VOC weights on priority rankings. Results 
confirmed that the top three technical requirements (Granular Categorization, Sentiment Analysis Precision, 
LLM Coding Accuracy) maintained their Critical classification across all weight perturbations, demonstrating 
robust prioritization.

Additionally, analysis of 20% improvement potential in top three technical capabilities revealed: Granular 
Categorization offered highest improvement potential (38.32 points), representing 21.9% advantage over LLM 
Coding Accuracy (31.43 points). Sentiment Analysis Precision occupied intermediate position (33.78 points). 
Cumulative improvement potential (103.53 points) exceeded simple additive effects (97.89 points), indicating 
synergistic relationships supporting integrated rather than sequential development strategies.

Figure  5 presents the complete House of Quality matrix integrating patient-derived VOC constructs 
with technical requirements for the healthcare AI system. The matrix reveals a pronounced hierarchical 
structure in technical priorities, with nearly five-fold variation between highest (Granular Categorization, 
191.58) and lowest (Fake Review Detection, 39.21) priority scores. Three technical requirements—Granular 
Categorization, Sentiment Analysis Precision, and LLM Coding Accuracy—emerged in the Critical category 
(> 150), collectively addressing the analytical complexity demanded by high-weight VOC constructs such as 
Service and Communication Effectiveness (absolute weight = 7.73) and Clinical Care and Patient Experience 
(absolute weight = 5.65). The relationship matrix demonstrates that complex, well-measured constructs require 

Fig. 4.  Technical requirements correlation matrix (Roof of House of Quality).
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proportionally sophisticated analytical capabilities, with F1 and F2 exhibiting strong relationships (score = 9) 
across multiple technical requirements. Human-AI Agreement Reliability positioned at the Critical-High 
boundary (150.46), reflecting the importance of validation infrastructure in trustworthy AI deployment. 
These findings provide quantitative justification for a phased implementation strategy prioritizing the Critical 
capability cluster in initial development phases.

Discussion
This study extends prior research advocating for human-centered and explainable AI in healthcare by 
integrating QFD methodology with empirically validated patient feedback constructs. The QFD-factor analysis 
integration responds to calls for methodologies incorporating human-centered evaluation dimensions43 beyond 
technical performance alone43,44. By anchoring technical prioritization in validated patient-derived constructs, 
the proposed approach may help address the “AI translation gap” between research prototypes and clinically 
deployable systems3.

The observed correspondence between factor complexity and technical prioritization aligns with established 
psychometric principles. Complex, well-measured constructs such as Service and Communication Effectiveness 
(α = 0.97) appear to require proportionally sophisticated analytical capabilities, a finding consistent with 
stratified approaches to feedback analysis reported in patient-centered NLP research21,38. Conversely, lower 
reliability domains including Patient Rights and Accessibility (α = 0.61) emerged as potential opportunities for 
foundational measurement refinement rather than immediate technological investment. Inter-item correlation 
analysis suggested that this construct may be multidimensional, with “Patient Rights” items showing weak 
correlations with “Accessibility” items, indicating possible need for construct disaggregation before targeted 
technical development.

Granular Categorization ranking as highest priority (191.58) offers preliminary empirical support for resource 
allocation decisions, consistent with literature emphasizing patient-experience-driven quality improvements41,45. 
The hierarchical technical requirements architecture revealed through HOQ analysis suggests potential value 
in integrated, systems-thinking approaches for medical AI deployment19,46. The Critical capability cluster—
comprising Granular Categorization, Sentiment Analysis Precision, LLM Coding Accuracy, and Human-AI 
Agreement Reliability; demonstrated strong positive inter-correlations, suggesting that these capabilities may 
function interdependently in supporting robust patient feedback analysis systems.

The correlation matrix identified trade-offs that warrant consideration during implementation planning. 
The negative correlation between Granular Categorization and Real-time Processing (r = -0.25, p < 0.05) reflects 
potential tension between analytical depth and operational responsiveness. Healthcare organizations may 
need to calibrate this trade-off based on deployment context: real-time clinical environments might prioritize 
processing speed, while quality improvement initiatives might favor classification granularity.

Context dependency of priority weights
The high weighting of Service Quality and Professionalism (39.9%) likely reflects the private healthcare context 
of this study, where customer service may function as a market differentiator. In public healthcare systems with 
different resource constraints and patient expectations, priority weights could shift substantially. Clinical Care 
dimensions might receive higher relative priority in resource-constrained settings where service amenities are 
secondary to access and treatment quality. Similarly, cultural factors may influence patient expectations and 
complaint patterns, potentially altering VOC construct weights across geographic contexts.

The methodology presented appears generalizable across healthcare settings; however, the specific priority 
weights derived in this study are context-dependent and would require local validation before implementation. 
Healthcare organizations considering adoption of this framework should conduct site-specific VOC collection 
and factor analysis to ensure technical priorities reflect their patient population’s concerns47,48.

Practical implications and implementation roadmap
The priority analysis suggests a phased implementation strategy that may align with resource constraints typical 
of healthcare organizations. Phase 1 (0–6 months) could focus on Critical capabilities—Granular Categorization, 
Sentiment Analysis Precision, and LLM Coding Accuracy—commanding approximately 60% of technical 

Fig. 5.  House of quality—healthcare AI patient feedback analytic.
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development resources. These capabilities may form an analytical foundation that could support accurate 
interpretation of patient feedback complexity. Phase 2 (6–12 months) would address High and Moderate priority 
capabilities including Human-AI Agreement Reliability and Data Processing Efficiency, allocating approximately 
25% of resources to validation infrastructure and operational performance. Phase 3 (12–18  months) would 
develop specialized functions such as Fake Review Detection and Factor Analysis Validity with the remaining 
15% of resources.

Suggested target specifications derived from current performance benchmarks and literature standards 
include: LLM Coding Accuracy F1-score ≥ 0.85 (current baseline: 0.81), Sentiment Analysis Precision ≥ 0.88 
(current baseline: 0.83), and Granular Categorization coverage ≥ 95% of identified themes (current baseline: 
89%). These targets represent potentially achievable improvements within the proposed timeline based on 
documented performance trajectories in healthcare NLP applications. Quarterly review cycles incorporating 
emerging patient concerns and technology advances could support continuous QFD refinement, potentially 
operationalizing the framework’s iterative design philosophy.

Limitations
Several limitations should be acknowledged. First, empirical validation is based on Malaysian private hospitals, 
potentially limiting generalizability to other healthcare systems or cultural contexts. Patient experience factors 
may vary across settings, requiring localized validation before implementation.

Second, technical requirements prioritization relies on expert consensus and may not fully capture emerging 
AI capabilities. Third, sensitivity analysis demonstrates theoretical improvement potential; actual implementation 
outcomes may vary based on organizational capacity and change management effectiveness.

Fourth, the fake review classifier, while achieving acceptable accuracy (accuracy = 0.88), may introduce bias 
through false positives (legitimate reviews removed) or false negatives (fake reviews retained). Fifth, exclusive use 
of negative reviews may not capture improvement opportunities identified through positive feedback patterns.

Sixth, expert panel composition (primarily academic and clinical backgrounds) may introduce sampling 
bias in relationship ratings; inclusion of patient representatives and frontline staff could yield different priority 
weightings.

Finally, web scraping of patient reviews, while using publicly available data, raises ethical considerations 
regarding consent and data use that warrant continued attention as regulatory frameworks evolve. Seventh, the 
improvement potentials calculated (e.g., 21.9% advantage for Granular Categorization) represent theoretical 
projections based on sensitivity analysis rather than observed outcomes from implemented systems. Actual 
improvements in deployed systems may differ substantially. Eighth, the expert panel comprised only three 
domain experts. While consensus thresholds (≥ 80%) were applied, a larger and more diverse panel might yield 
different relationship ratings and priority scores. Ninth, this study presents a methodological framework without 
real-world implementation or outcome measurement. The practical effectiveness of the prioritization scheme in 
improving actual healthcare AI systems remains to be demonstrated. Future research should focus on real-world 
deployment studies with attention to cross-cultural adaptability.

Conclusion
This study presents an adapted QFD framework for prioritizing technical requirements in human-centered 
healthcare AI systems. The potential contributions include systematic integration of empirically-derived patient 
feedback with QFD methodology; preliminary evidence suggesting that construct complexity may correspond 
with technical priority requirements; identification of potential synergistic capability clusters that may support 
integrated development strategies; and proposed implementation guidance for healthcare organizations that 
warrants further validation.

The findings should be interpreted within the study’s limitations. Validation was conducted within a single 
Malaysian private hospital context, which may limit generalizability to other healthcare settings. Nevertheless, 
the methodology offers a potentially scalable approach that may be applicable across diverse healthcare contexts 
with appropriate local calibration. Future research should focus on real-world deployment studies to assess 
practical effectiveness, cross-cultural validation to examine transferability of priority weights, and integration 
with emerging AI capabilities including federated learning approaches for privacy-preserving analytics.

Data availability
Data analyzed in this study were obtained from publicly available online hospital review platforms. No new 
datasets were generated. Processed data supporting the findings are available from the corresponding author 
upon reasonable request.
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