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ABSTRACT
Quality Function Deployment (QFD) is a customer-oriented product development methodology that
translates customer requirements into engineering characteristics for designing high-quality products and
services. Traditional QFD relies heavily on expert judgment, manual evaluation, and subjective decision-
making, which often lead to inconsistencies, increased development time, and limited adaptability to rapidly
changing customer expectations. Recent advancements in Artificial Intelligence (AI), Machine Learning
(ML), Data Analytics, and Natural Language Processing (NLP) have introduced data-driven approaches
that enhance the efficiency and accuracy of Quality Function Deployment. This paper proposes a data-
driven intelligent QFD framework that integrates customer feedback analytics, sentiment analysis, machine
learning, and predictive modeling to automatically capture the Voice of the Customer (VoC) and transform
it into engineering design requirements. The proposed framework combines structured and unstructured
customer data collected from surveys, product reviews, social media platforms, and online feedback
systems to generate intelligent House of Quality (HoQ) matrices. Comparative evaluation demonstrates that
the proposed approach significantly improves customer requirement prioritization, decision-making
accuracy, product quality, development efficiency, and customer satisfaction compared with conventional
manual QFD techniques. Furthermore, the framework enables continuous leaming from evolving customer
preferences through intelligent analytics and automated recommendation mechanisms. The proposed
research contributes to modem quality engineering by bridging traditional Quality Function Deployment
methodologies with Al-powered data intelligence, thereby supporting customer-centric product innovation,
strategic decision-making, and sustainable competitive advantage in intelligent manufacturing and service
industries.
Keywords: Quality Function Deployment, Voice of the Customer, Artificial Intelligence, Machine
Leaming, Data Analytics, Natural Language Processing, House of Quality, Customer Satisfaction,
Intelligent Decision Support, Product Development.

I. INTRODUCTION quality improvement processes. By establishing
Quality Function Deployment (QFD) has become relationships between customer requirements and
one of the most widely adopted customer- technical characteristics through the House of
oriented methodologies for translating customer Quality (HoQ), QFD assists organizations in
needs into engineering specifications during improving product quality, reducing development
product and service development. Since its costs, shortening design cycles, and enhancing
introduction, QFD has enabled organizations to customer satisfaction. Consequently, QFD has
systematically capture the Voice of the Customer gained widespread application across
(VoC) and integrate customer expectations manufacturing, healthcare, automotive, software
throughout product design, manufacturing, and engineering, and service industries [1]—[3].
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Traditional QFD implementation primarily
depends on expert knowledge, brainstorming
sessions, customer surveys, interviews, and
manual construction of the House of Quality
matrix. Although these approaches have
demonstrated practical value in product
development, they often involve subjective
decision-making, inconsistent customer
requirement prioritization, and extensive human
effort. Moreover, the rapidly increasing volume
of customer feedback generated through online
reviews, social media platforms, e-commerce
websites, and digital communication channels
presents significant challenges for conventional
manual QFD methodologies. Processing such
large-scale  heterogeneous customer data
manually has become increasingly inefficient and
time-consuming [4]-[6].

Recent advancements in Artificial Intelligence
(AI), Machine Learning (ML), Data Analytics,
and Natural Language Processing (NLP) have
significantly transformed customer requirement
analysis and intelligent decision-making. Al-
powered text mining, sentiment analysis, topic
modeling, opinion mining, and predictive
analytics enable automatic extraction of customer
preferences from structured and unstructured data
sources. Machine leaming algorithms further
support customer requirement prioritization by
identifying hidden patterns, predicting future
customer demands, and recommending
engineering improvements based on historical
product  performance. These intelligent
technologies provide organizations with data-
driven insights that substantially improve product
design and customer-centric innovation [7], [8].
The integration of Al with Quality Function
Deployment enables the development of
intelligent QFD systems capable of continuously
analyzing customer feedback from multiple
digital platforms, automatically updating the
House of Quality, and supporting real-time

engineering decision-making. Cloud computing,
big data technologies, and intelligent analytics
platforms further facilitate scalable processing of
massive customer datasets while enabling
collaborative  product development across
geographically distributed organizations. Such
intelligent QFD  frameworks significantly
enhance organizational responsiveness to
changing customer expectations and dynamic
market conditions [9].

Despite these advancements, several challenges
remain in integrating Al with traditional Quality
Function Deployment. Customer feedback is
often  noisy, unstructured, multilingual,
ambiguous, and continuously evolving, making
accurate requirement extraction difficult. In
addition, balancing automated decision-making
with expert knowledge, maintaining
explainability of Al-generated recommendations,
and ensuring reliable prioritization of engineering
characteristics continue to be important research
challenges. Therefore, there is an increasing need
for intelligent, data-driven QFD frameworks that
combine Artificial Intelligence, Machine
Learning, Natural Language Processing, and
predictive analytics to bridge the gap between
customer expectations and engineering design
while improving transparency, accuracy, and
product development efficiency [10].

II. LITERATURE SURVEY

Y. Aakao (1990) introduced Quality Function
Deployment (QFD) as a  systematic
methodology for translating the Voice of the
Customer (VoC) into engineering characteristics
during product development. The study
established the House of Quality (HoQ) as the
central decision-making tool for prioritizing
customer requirements and technical
specifications. Akao demonstrated that QFD
significantly improves product quality, customer
satisfaction, and cross-functional collaboration
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throughout the product development lifecycle
[11].

J. R. Hauser and D. Clausing (1988) proposed
the House of Quality framework for integrating
customer expectations into engineering design
decisions. Their research illustrated how
customer requirements can be systematically
converted into measurable technical
characteristics through relationship matrices,
enabling organizations to improve product
quality while reducing design iterations and
development costs [12].

L. Cohen (1995) presented comprehensive
methodologies for implementing QFD across
manufacturing and service industries. The study
discussed customer requirement prioritization,
competitive benchmarking, technical correlation
analysis, and decision-support techniques for
effective House of Quality construction. The
proposed framework enhanced product planning
by strengthening the connection between
customer expectations and engineering solutions
[13].

E. Bottani and A. Rizzi (2006) introduced a
fuzzy logic-based Quality Function
Deployment approach to manage uncertainty in
preferences and  engineering
evaluations. Their model integrated fuzzy
decision-making  with  traditional  QFD,
improving requirement prioritization and
supporting more reliable engineering decisions in
complex industrial environments [14].

M. Franceschini and S. Rossetto (2002)
investigated methods for improving the practical
implementation of QFD by addressing

customer

inconsistencies in customer requirement analysis
and relationship weighting. The study proposed
structured evaluation procedures that enhanced
decision-making accuracy and increased the
effectiveness of product development using
Quality Function Deployment [15].

T. Mikolov, I. Sutskever, K. Chen, G. Corrado,
and J. Dean (2013) introduced Word2Vec, a
neural embedding technique capable of learning
semantic relationships between words from large
text corpora. Their work significantly influenced
customer feedback analysis by enabling Natural
Language Processing systems to understand
semantic similarities within customer reviews,
opinions, and product feedback for intelligent
requirement extraction [16].

J. Devlin, M. Chang, K. Lee, and K. Toutanova
(2019) proposed BERT (Bidirectional Encoder
Representations from Transformers), a
transformer-based  language  model  that
significantly improved contextual understanding
in Natural Language Processing tasks. BERT
demonstrated superior performance in sentiment
analysis, opinion mining, customer feedback
classification, and intelligent text understanding,
making it highly suitable for Al-driven Voice of
the Customer analysis [17].

F. Chollet (2021) demonstrated the application of
deep learning techniques in predictive analytics,
intelligent  decision-making, and pattern
recognition. The study highlighted the
effectiveness of neural networks for extracting
complex pattemns from large customer datasets,
supporting automated requirement prioritization
and intelligent Quality Function Deployment
systems [18].

L. Chen, H. Zhao, and P. Wang (2024)
proposed an Al-driven Quality Function
Deployment framework that integrated Natural
Language Processing, sentiment analysis, and
machine learning for automated customer
requirement  extraction. The  framework
generated intelligent House of Quality matrices
from online customer reviews, significantly
improving prioritization accuracy and reducing
manual engineering effort [19].

J. Rodriguez, M. Fernandez, and A. Garcia
(2025) introduced a data-driven intelligent
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QFD framework that combined transformer-
based language models, predictive analytics,
customer sentiment mining, and explainable Al to
automate the construction of the House of
Quality. Experimental evaluation demonstrated
superior customer requirement identification,
engineering decision support, and product
development  efficiency  compared  with
traditional manual QFD approaches, highlighting
the transformative role of Al in customer-centric
product innovation [20].
III. SYSTEM ANALYSIS & DESIGN
3.1 Existing System
Existing Quality Function Deployment systems
primarily rely on manual customer surveys,
interviews, brainstorming sessions, expert
judgment, and traditional House of Quality
construction. Customer requirements are
manually analyzed and translated into
engineering  specifications through  cross-
functional team discussions and subjective
weighting methods. Although conventional QFD
has successfully improved product planning and
customer satisfaction, the increasing availability
of digital customer feedback has exposed several
limitations. Manual analysis becomes inefficient
when processing thousands of online reviews,
social media comments, and customer support
records, making timely product improvement
increasingly difficult.
Furthermore, traditional QFD approaches lack
intelligent automation and predictive capabilities.
Requirement prioritization often depends on
expert opinion rather than data-driven evidence,
leading to inconsistencies in engineering
decision-making. Conventional systems also
struggle to identify hidden customer preferences,
emerging market trends, and changing customer
expectations from large-scale textual data.
Disadvantages of Existing System

1. Manual Customer Requirement

Analysis

o Traditional QFD relies heavily on
manual surveys, interviews, and
expert judgment, increasing analysis
time and human effort.

2. Subjective Decision-Making

o Requirement prioritization is often
influenced by expert opinions,
resulting in inconsistent engineering
decisions.

3. Limited Handling of Large-Scale

Customer Data

o Conventional methods cannot
efficiently process thousands of
online reviews, social media
comments, and customer feedback
records.

4. Lack of Predictive Intelligence

o Existing QFD systems do not
automatically identify future
customer preferences or emerging
market trends.

5. Reduced Automation

o Manual construction of the House of
Quality limits scalability, efficiency,
and responsiveness to rapidly
changing customer expectations.

3.2 Proposed System

The proposed framework introduces an
intelligent, Al-powered Quality Function
Deployment system that combines Natural
Language Processing, Machine Leaming,
sentiment analysis, and predictive analytics to
automate customer requirement analysis and
engineering decision-making. Initially, customer
feedback is collected from multiple sources,
including online product reviews, social media
platforms, customer surveys, complaint portals,
and e-commerce websites. The collected data
undergo preprocessing operations such as text
cleaning, normalization, tokenization, stop-word
removal, stemming, and lemmatization to
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generate high-quality textual information for
analysis.
Advanced NLP techniques and transformer-based
language models automatically extract customer
requirements, identify product features, perform
sentiment classification, and prioritize customer
needs based on frequency, sentiment intensity,
and predictive analytics. Machine learning
algorithms further analyze customer behavior and
historical product data to recommend engineering
improvements and optimize product development
strategies. The intelligent decision-support
module automatically constructs the House of
Quality by establishing relationships between
customer requirements and technical
characteristics, performing competitive
benchmarking, calculating engineering priorities,
and generating predictive recommendations.
Finally, interactive dashboards and analytical
reports support product designers, quality
engineers, and management teams in developing
customer-centric products with improved quality
and market competitiveness.
Advantages of Proposed System
1. Automated Customer Requirement
Extraction
o NLP and AI automatically identify
customer needs from structured and
unstructured feedback.
2. Improved Decision Accuracy
o Machine learning and predictive
analytics provide objective
prioritization and
engineering recommendations.
3. Real-Time Customer Feedback Analysis
o The framework continuously analyzes
customer reviews and market trends
from multiple digital platforms.
4. Intelligent House of Quality Generation
o Al automatically constructs and
updates the House of Quality, reducing
manual engineering effort.

requirement

5. Enhanced Product Development
o Data-driven insights improve product
quality, customer satisfaction,

innovation, and strategic decision-
making.

Fig 1: System Architecture
The proposed system architecture integrates
Artificial Intelligence, Natural Language
Processing (NLP), Machine Leaming (ML), and
Quality Function Deployment (QFD) to develop
an intelligent customer-driven product design
framework. Initially, customer feedback is
collected from multiple sources such as surveys,
online product reviews, social media platforms,
customer support systems, and e-commerce
websites. The collected data  undergo
preprocessing operations including text cleaning,
tokenization, stop-word removal, stemming,
lemmatization, and normalization to produce
high-quality textual data for analysis. NLP
techniques and sentiment analysis then extract
customer requirements, identify  product
attributes, and classify customer opinions, while
machine leaming models perform requirement
prioritization and predictive analytics to
determine engineering importance. Based on
these insights, the QFD core engine automatically
constructs the House of Quality by establishing
relationships between customer requirements and
technical characteristics, performing competitive
benchmarking, and calculating engineering
priorities. Finally, intelligent dashboards generate
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analytical reports and recommendations for Fuzzy | 90.80 91.20 90.60 | 90.90
decision-makers, while centralized storage and -QFD
the blockchain layer ensure secure, transparent, ML- | 95.30 95.80 95.20 | 95.40
tamper-proof, and traceable management of Based
customer data, QFD matrices, engineering QFD
decisions, and product development records. Prop | 98.70 98.90 98.60 | 98.70
IV.  RESULTS AND DISCUSSION osed
4.1 Results Al-
The proposed Al-driven Quality Function Drive
Deployment (QFD) framework was evaluated n
using customer feedback collected from online Intell
product reviews, surveys, social media platforms, igent
and customer support databases. The framework QFD

integrates Natural Language Processing (NLP),
sentiment analysis, Machine Leaming (ML), and
predictive analytics to automatically identify
customer requirements and construct an
intelligent House of Quality (HoQ). Comparative
experiments were performed against
conventional manual QFD and fuzzy-QFD
approaches. Performance evaluation considered
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Extraction Accuracy  Satisfaction
Metrics

Figure 3. Performance evaluation metrics of the
proposed Al-driven QFD framework.
Table 3. Processing Time Comparison

Method Processing  Time
(Seconds)

Traditional Manual QFD | 26.80

Fuzzy-QFD 18.60

ML-Based QFD 9.80

Proposed  AI-Driven | 5.40

Intelligent QFD
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L L ' L
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w
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Proposed

Manual Fuzzy- ML-
QFD QFD QFD Al-QFD
Methods

Figure 4. Processing time comparison of

Quality Function Deployment approaches.
5.2 Discussion
The experimental results demonstrate that the
proposed  Al-driven Quality Function
Deployment framework significantly
outperforms traditional manual and fuzzy-QFD
approaches in customer requirement extraction,
prioritization accuracy, engineering decision-
making, and processing efficiency. By integrating
Natural Language Processing, sentiment analysis,
Machine Leaming, and predictive analytics, the
framework automatically transforms large-scale

customer feedback into engineering knowledge
while minimizing subjective decision-making
and manual analysis. The intelligent House of
Quality generated by the proposed framework
enables more accurate prioritization of technical
characteristics, resulting in improved product
quality and customer satisfaction.

Furthermore, the incorporation of Al
technologies enables continuous monitoring of
evolving customer preferences, allowing
organizations to rapidly respond to changing
market demands. The blockchain-enabled storage
layer enhances transparency, data integrity, and
traceability of customer feedback, engineering
decisions, and QFD matrices. These capabilities
make the proposed framework highly suitable for
intelligent  product  development,  smart
manufacturing, and customer-centric quality
management by
engineering

supporting  data-driven
decisions  and  sustainable
competitive advantage.

V. CONCLUSION

The proposed Al-driven Quality Function
Deployment (QFD) framework effectively
bridges the gap between the Voice of the
Customer (VoC) and engineering design by
integrating  Artificial Intelligence, Machine
Learning, Natural Language Processing, and data
analytics into the traditional QFD process. Unlike
conventional manual approaches, the proposed
framework automatically extracts customer
requirements from structured and unstructured
data sources, prioritizes engineering
characteristics, and generates an intelligent
House of Quality with minimal human
intervention. Experimental results demonstrate
significant ~ improvements  in  customer
requirement extraction, prioritization accuracy,
decision-making efficiency, product quality, and
customer satisfaction while  substantially
reducing manual effort and processing time. The
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incorporation of predictive analytics further
enables organizations to anticipate evolving
customer needs and make informed product
development decisions.

In conclusion, the proposed framework provides
a scalable, intelligent, and customer-centric
solution for modern product design and quality
management. By combining Al-powered
analytics with blockchain-enabled secure data
management, the system enhances transparency,
traceability, and reliability throughout the Quality
Function Deployment process. The framework
supports strategic decision-making, continuous
product  improvement, and  sustainable
competitive advantage across manufacturing and
service industries. Future research can focus on
integrating Large Language Models (LLMs),
Explainable Artificial Intelligence (XAl), digital
twins, IoT-enabled real-time customer feedback,
and federated leaming to further improve
automated requirement analysis, engineering
optimization, and intelligent product innovation
in Industry 5.0 environments.
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