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ABSTRACT

This study introduces a hybrid methodology combining Natural
Language Processing (NLP) and Quality Function Deployment
(QFD) to enhance the quality and responsiveness of institutional
academic systems. The approach systematically transforms un-
structured user complaints into functional software requirements,
thereby improving documentation and maintenance in legacy sys-
tems. By leveraging NLP to extract and prioritize user needs based
on dissatisfaction severity and frequency, and translating these into
technical requirements via QFD, the method creates a scalable, user-
centered, and traceable requirements engineering process, ideal for
legacy systems with limited documentation. Analyzing 4,357 service
tickets, our results identify critical improvement areas, including
authentication, enrollment, and bureaucratic workflows. Although
steps like technical mapping and modeling remain manual, the
methodology boosts prioritization, transparency, and alignment
with essential software quality attributes. While applied to this
specific context, the framework shows potential for transferabil-
ity to other institutional or commercial sectors. These findings
demonstrate the value of integrating Al with software engineer-
ing principles to modernize complex institutional platforms and
increase user satisfaction.
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1 Introduction

Artificial Intelligence (AI) has increasingly driven the moderniza-
tion of higher education systems, particularly in areas involving
administrative efficiency. In Brazilian Higher Education Institu-
tions, Al technologies have been recognized as strategic tools for

addressing persistent challenges in system efficiency, usability, and
user support service quality [2, 9, 10, 24, 35].

At the University!, the Academic Management System (AMS)
supports academic coordination, administrative workflows, and
institutional record management. However, despite its importance,
the AMS has struggled to keep pace with evolving user demands.
The Post-Graduation module, in particular, has received frequent
complaints related to usability, authentication, and bureaucratic
workflows. These recurring complaints underscore a critical need
for systematic improvements aligned with actual user expectations.

Additionally, this system lacks documentation, which makes
maintenance and future development difficult. This challenge is
compounded by the absence of a formalized and systematic process
to translate user feedback into actionable requirements within the
institution. Historically, improvements were managed on an ad-hoc
basis. This context makes a direct comparative analysis a challenge.
Also, it underscores the critical need for the development of a
structured framework, such as the one proposed in this study.

A key aspect to ensure software effectiveness in this context
lies in the domain of Software Quality (SQ), which encompasses
both internal attributes (e.g., maintainability, modularity) and ex-
ternal qualities perceived by users (e.g., usability, reliability, and
performance). The latter is especially relevant for institutional AMS,
where user satisfaction and operational reliability are essential for
daily academic operations [18]. Achieving high external quality
depends on a robust Requirements Engineering (RE) process, which
ensures that the system evolves by real needs and stakeholder pri-
orities [31, 32].

However, capturing high-quality requirements in legacy sys-
tems is particularly challenging when institutional processes are
complex, dynamic, and poorly documented. In such contexts, user

!The university is intentionally not identified to protect the privacy of the users and
maintain the anonymity of the research.
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complaints represent a valuable but underutilized source of infor-
mation. Additionally, traditional RE approaches, while rigorous,
often face challenges when there is a need to process large volumes
of unstructured feedback. Bridging this gap requires a methodology
that is systematic, traceable, and capable of integrating data-driven
insights from real-world usage scenarios.

To address this problem, we propose a hybrid methodology that
combines the principles of Quality Function Deployment (QFD) [1,
5] with Natural Language Processing (NLP) techniques [21, 28] for
automated complaint analysis. This approach establishes a data-
driven framework that systematically analyzes large volumes of
user data to identify patterns and chronic problems. By combin-
ing complaint frequency and sentiment analysis, the methodology
enables a more objective prioritization of user needs, moving be-
yond ad-hoc ticket analysis. The process aims to generate clear
artifacts, such as thematic clusters and a QFD matrix, to build
an explicit knowledge base. This is fundamental for maintaining
poorly documented legacy systems. Thus, shifting from reactive
problem-solving to a proactive strategy for improving SQ and user
satisfaction.

To the best of our knowledge, this is the first study to inte-
grate NLP and QFD in a comprehensive pipeline for deriving use
cases directly from service ticket data within a university setting,
thereby impacting the alignment of legacy system improvements
with quality standards and user expectations. While applied to
this specific context, the data-driven principles of this methodology
hold promise for transferability to other institutional or commercial
sectors.

The main contributions of this paper are to provide: (a) a hybrid
methodology that integrates NLP and QFD to extract and prioritize
software requirements directly from unstructured user complaints;
(b) an empirical analysis of 4,357 service tickets from the AMS, re-
sulting in the identification of four critical categories of user needs:
data updates, authentication, enrollment, and defense workflows,
and; (c) a data-driven prioritization framework that quantifies user
dissatisfaction using sentiment analysis and translates needs into
technical requirements through a structured QFD matrix.

This paper is organized as follows. Section 2 outlines the theo-
retical foundations that support our approach, covering essential
concepts from RE, NLP, and QFD. Section 3 details the proposed
methodology, describing each step of the workflow adopted to ana-
lyze user complaints and derive functional requirements. Section 4
presents the results of applying this methodology to a dataset of
4,357 service tickets recorded between 2023 and 2024. Section 5
discusses challenges and outlines directions for future work. Fi-
nally, Section 6 presents the conclusions of the study, summarizing
the contributions, practical implications, and potential for broader
adoption of the proposed framework.

2 Theoretical Background

This section presents the theoretical foundations that support the
proposed methodology, based on three interrelated domains: NLP,
QFD, and RE in the context of SQ. The integration of these concepts
enables a structured, data-driven approach to extract functional
requirements from user-generated complaints in complex systems.
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2.1 Software Quality and Requirements
Engineering

SQ is a fundamental component of software engineering, directly
influencing user satisfaction, operational efficiency, and long-term
system viability. It is commonly divided into two dimensions: inter-
nal and external. Internal quality refers to attributes such as code
readability, modularity, and maintainability, which are essential
for developers and system maintainers. External quality, which
is the primary focus of this study, relates to the user experience
and encompasses aspects like usability, reliability, performance,
and security [18, 32]. These factors are particularly critical in in-
stitutional AMS, where fragmented workflows, legacy constraints,
and scarce documentation demand user-centered improvements to
ensure effectiveness and adoption.

A robust RE process is crucial to ensure external SQ through-
out the system lifecycle. This discipline, which involves elicitation,
modeling, and analysis of requirements, focuses on identifying and
documenting system functionalities [31]. This study emphasizes
the elicitation stage, which is key to capture user expectations
and translating them into actionable development artifacts. In this
context, a systematic approach to requirements elicitation based
on user feedback and supported by practices like automated test-
ing [32], provides a practical and scalable strategy to improve SQ
in institutional systems. Identifying issues early and aligning the
system more closely with user needs.

2.2 Natural Language Processing for
Requirements Elicitation

NLP provides computational techniques to process and interpret
human language, making it highly applicable to extracting insights
from unstructured user feedback. In the context of helpdesk systems
and service management, NLP has been used to identify patterns
in complaint tickets, analyze user sentiment, and improve support
workflows [3, 21, 37].

Bahad et al. [3] highlight the potential of sentiment classifi-
cation to prioritize user issues, while other works use clustering
and embedding techniques to group similar issues and automate
requirements elicitation [37]. These approaches offer scalable mech-
anisms to filter noise and extract meaningful user intents from large
datasets.

Despite this growing interest, the majority of NLP applications
have focused on classification, prioritization, or traceability. Few
studies have attempted to systematically bridge these insights into
artifacts to support formal modeling practices such as use case
generation.

2.3 Quality Function Deployment in Software
Engineering

QFD is a structured technique originally developed in industrial en-
gineering to transform customer needs into design specifications [1].
It is widely recognized for its use of the House of Quality matrix, in
which rows represent user needs/expectations (WHATS), columns
represent technical features/responses (HOWs) and the strength of
the relationship between them is quantified using weighted values
(strong = 9, moderate = 3, weak = 1, none = 0) [1, 5].
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Table 1: Summary of the Methodological Workflow

Step Goal

Tools

1. Identify and Collect Customer Needs Extract user complaints

2. Prioritize Customer Needs

3. Technical Mapping

4. Construct the House of Quality
5. Analyze the Matrix

6. Derive Functional Requirements
7. Create Use Cases

Rank by impact

Translate needs into system features
Relate needs to features

Identify key features

Write specifications

Model system behavior

Clustering

Sentiment analysis

Manual analysis

QFD matrix

Matrix weights

Functional requirements templates
Textual use cases

In software engineering, QFD has been adapted to support re-
quirements prioritization and traceability, helping teams align tech-
nical specifications with stakeholder value [12, 22, 27, 34]. Its em-
phasis on traceable, quantifiable mappings makes it particularly
suitable for institutional settings, where user feedback is abundant
but not structured.

2.4 Integrating NLP and QFD for Requirements
Modeling

The integration of NLP and QFD in this study constitutes a novel
contribution. Previous works have applied NLP for clustering, clas-
sification, or sentiment analysis of complaint data [3, 21, 37], and
QFD has been employed for structured requirements translation
[27]. However, this is the first time these approaches are combined
into a unified framework for automated use case derivation from
real-world user complaints.

Our method operationalizes this integration by using NLP tech-
niques to identify and cluster recurrent issues, assess dissatisfac-
tion via sentiment scores, and assign weights to each cluster. These
weighted needs are then structured within a QFD matrix, allow-
ing for the prioritization of technical responses. Finally, these re-
sponses are mapped into formal functional requirements and use
case specifications. By combining the analytical depth of NLP with
the systematic rigor of QFD, this approach supports a scalable, user-
centered methodology for RE. It is useful, especially in cases of
legacy and complex systems with limited documentation.

3 Methodology: Data-Driven Derivation of
Functional Requirements from User Feedback

We propose a structured, seven-step methodology based on QFD
principles [1, 5] to systematically transform user complaints into
functional software requirements. The methodology was developed
in close collaboration with the development team of the Information
Technology Department of the university.

Briefly, the process begins with the collection of real user com-
plaints from the university institutional ticketing system. These
inputs are processed using NLP-based clustering algorithms to
uncover recurrent and high-impact issues. Sentiment analysis is
then applied to prioritize user needs based on dissatisfaction levels.
These needs are mapped to technical requirements and organized
into a QFD matrix that supports strategic development decisions.
This ensures that software improvements remain aligned with both

user expectations and institutional objectives. Table 1 summarizes
the methodology, which is detailed in the following subsections.

3.1 Step 1 - Identify and Collect Customer
Needs

User complaints were extracted from the GLPI (Gestion Libre de
Parc Informatique) 2 system, which is used by the university to
manage support tickets. The dataset was composed of 4,357 service
tickets recorded between 2023 and 2024. The selection criteria in-
cluded both in-progress and concluded tickets. This decision was
based on an initial analysis showing that many of the concluded
tickets represented temporary workarounds or palliative solutions,
rather than definitive fixes addressing the root causes of issues. This
resulted in similar issues recurring in new tickets opened by other
users. Therefore, the methodology examined in-progress tickets to
capture current demands and concluded tickets to uncover the ori-
gins of chronic problems, enabling the identification of persistent
structural issues. By leveraging this historical base, the approach fa-
cilitated proactive software enhancements aimed at reducing future
tickets, rather than merely reacting to the most recent complaints.

The raw textual data were processed using the Python program-
ming language (version 3.11.13), taking advantage of its extensive
ecosystem of libraries for text preprocessing and NLP tasks (Numpy
2.0.2, NLTK 3.9.1, Pandas 2.2.2, Scikit-learn 1.6.1, Spacy 3.8.7, Trans-
formers 4.39.1). The preprocessing phase involved cleaning and
preparing the data for NLP. This included the removal of duplicates,
empty values, symbols, excessive whitespace, accented and special
characters, punctuation, and conversion of all text to lowercase. The
NLP pipeline, implemented using the SpaCy and NLTK libraries
[15, 23], consisted of stop-word removal, non-numeric filtering, and
lemmatization to reduce words to their base forms [28].

To categorize the complaints into meaningful thematic groups,
a text clustering analysis was performed. First, dimensionality re-
duction was applied using the Truncated SVD method [17] to ex-
tract the most relevant semantic features of the text. Then, the
K-Means algorithm was used to group the complaints based on
recurring patterns [33]. To support the interpretation and valida-
tion of the clusters, the t-SNE (t-Distributed Stochastic Neighbor
Embedding) technique was employed to visualize the groupings in
a two-dimensional space [6]. The optimal number of clusters for
the K-Means algorithm was determined through the elbow method,
which evaluates intra-cluster variance across different group counts.

2 Available at: https://glpi-project.org/
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The inflection point of the elbow curve was used to identify the
ideal number of clusters [33, 36].

3.2 Step 2 - Prioritize Customer Needs

To rank the extracted user needs, sentiment analysis was applied to
each complaint using a Transformer-based model (BERT) fine-tuned
for multilingual text classification, including Portuguese [8, 16, 26].
The model pipeline includes automatic truncation for long texts,
ensuring scalability for large volumes of data and robustness.

The user dissatisfaction was mapped in five levels, ranging from
Level 1 (L1, mild concerns) to Level 5 (L5, strong frustration or
severe complaints). Each level is associated with a continuous sen-
timent score between 0 and 1, which captures the intensity of the
expressed sentiment within that level. This approach enables a
more refined analysis, facilitating the identification of critical pat-
terns in user feedback, complaints, or interactions [10]. To prioritize
user needs, we calculated the importance weights(Wy) based on the
level of dissatisfaction and its frequency. The weight reflects the
importance of each user need in terms of emotional intensity and
volume of complaints. The importance weight for each group was
calculated as shown in Equation 1, which assigns a weight Wy, to
each cluster k based on the proportion of complaints classified in
its most frequent sentiment level and the severity of that sentiment.
Specifically, Ny, q4x represents the number of complaints in the most
frequent sentiment level within the cluster, N; is the total number
of complaints in the dataset, and S; denotes the sentiment level
score (ranging from L1 to L5) corresponding to that level.

Wi = (N%:x) -100 - §; (1)

To standardize the scale and enable fair comparisons across clus-
ters, the weights (Equation 1) were normalized to a target range
from W*. = 1to Wp,, = 5 using the min-max normalization
method [14], as shown in Equation 2, where Wy, is the normalized
weight, Wy is the original (non-normalized) weight, W*. and Wy,
are the minimum and maximum values of the target range, respec-
tively. This formulation ensures that the smallest original weight
maps to W, the largest maps to Wy, and all other values are
scaled proportionally in between.

Wk - min(Wk)
max (W) — min(Wy.)

Wien = Wiy + Winax — Wori)

min mi

@

3.3 Step 3 - Technical Mapping

Once the user needs were identified and ranked, the next step com-
prised the analysis and translation into corresponding technical
characteristics of the system. This stage involved structured brain-
storming sessions with the core development team responsible for
the AMS Post-Graduation module. The team consisted of full and
senior software engineers and analysts from the IT department
of the institution, who were directly responsible for the system
under analysis. These professionals were selected based on their
accumulated practical knowledge of the system architecture and
business rules, which was essential for autonomously proposing
solutions and ensuring that each user need could be addressed
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through feasible system features or architectural improvements.
This results in actionable system elements.

Detailing this process flow is crucial, as it enhances methodologi-
cal clarity, value, and replicability while opening avenues for future
work. This enhancement is supported by ISO/IEC/IEEE 29148:2018
[19] on RE processes and ISO/IEC/IEEE 42010:2022 [20] on archi-
tecture description, along with software engineering literature that
recommends structured practices, iterative feedback cycles, and
continuous validation [7, 13]. Additionally, it can be integrated
with innovative practices, such as brainstorming approaches based
on mental models and systemic methodologies to foster team con-
vergence, collaborative innovation, and holistic decision-making
in complex environments [4, 11, 25, 29, 30]. The combination of
such approaches, along with engineering best practices, contributes
to reliability, interdisciplinary collaboration, and process quality.
Considering our experience, it is possible to conduct this step as
follows:

(1) Present Requirement: a user need (WHAT) is selected
from the prioritized list, and it is set up with the meaning,
context, and constraints;

(2) Generate Ideas Individually: each analyst/engineer sketches
or notes possible solutions (HOWs) silently;

(3) Share and Discuss: with equal airtime, everyone presents
their idea briefly, considering pros/cons, feasibility, risks, and
alternatives;

(4) Decide and Document: the best HOW is selected via con-
sensus and the QFD matrix is updated,;

(5) Loop or Close: if more requirements remain, a new re-
quirement is presented; otherwise, the technical mapping is
finalized.

3.4 Step 4 - Construct the House of Quality

To relate user needs to system-level responses, a QFD matrix (House
of Quality) was built following [1, 5]. In this matrix, user needs
were represented by the rows, and technical characteristics by the
columns. The relationship between each user need and each techni-
cal characteristic was quantified with a numerical value, in which:
a strong relationship is represented by a value of 9, a moderate
relationship is represented by a value of 3, a weak relationship is
represented by a value of 1, and no relationship is represented by a
value of 0. This step enabled a structured mapping between user
complaints and their corresponding technical responses, supporting
traceability and impact analysis.

3.5 Step 5 — Analyze the Matrix

The matrix was analyzed using weighting techniques to calculate
the relative importance of each technical feature. The weights were
derived by multiplying the importance score of each need by its
respective relation strength in the matrix.

To perform these computations, let n denote the number of
user needs (WHATS), m be the number of technical characteristics
(HOWSs), W; be the weight assigned to user need i, where i €
1,2,...,nand, R;; be the relationship strength between need i and
technical characteristic j, with typical values ranging from 0 to
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9 [1, 5]. The priority score S; of each technical characteristic j is
calculated by:

n
Sj= ). Wi-Rj 3)
i=1
This equation aggregates the weighted contributions of each
user need to a given technical solution. The resulting score S;
indicates the relative importance of implementing the technical
characteristic j to satisfy user priorities. Higher values of S; suggest
that the corresponding feature addresses more critical user needs
and should be prioritized during development.
This step ensures that the design decisions are directly traceable
to validated user feedback extracted from complaint data, thus
supporting a data-driven and user-centered RE process.

3.6 Step 6 — Derive Functional Requirements

From the most relevant technical characteristics, functional require-
ments were formulated. These were written in a structured format,
using templates aligned with software engineering standards.

3.7 Step 7 — Create Use Cases

In this step, use case specifications are defined for the key require-
ments previously identified. Each specification outlines essential
components, including actors, preconditions, main and alternative
flows, exceptions, and postconditions. Although this stage repre-
sents a critical aspect of the RE process, it is not the primary focus
of this study. It is worth mentioning that the comprehensive mod-
eling of use cases, an area already well supported by established
methods in the literature, is beyond the scope of this work and is
left for future research and development.

4 Evaluation

The research analyzed 4,357 service tickets recorded between 2023-
2024, using advanced NLP clustering and sentiment analysis tech-
niques to map and classify user demands. Based on the cluster
analysis and user complaints, we were able to identify four main
clusters, revealing the main problem categories related to the sys-
tem, which are:

Cluster 0: Data Changes and Updates
Key terms in this cluster include the words year, base, student,
change, modification, and date. These terms are associated with
requests to modify the student records database, encompassing
updates to student information, adjustments to dates, and changes
within the academic database. This cluster may include requests
like transcript corrections, enrollment amendments, or updates to
registration details.

Cluster 1: Course and Access Management
Key terms in this cluster include the words ams, course, student,
instructor, class, process, access. This cluster primarily refers to issues
related to course management, academic classes, and administrative
processes, including system access and permission-related issues.
These terms indicate frequent requests involving authentication,
user registration, and permission control within the system.

Cluster 2: Enrollments and Courses
Key terms in this cluster include the words course, class, enrollment,
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CPF 3, manage. This cluster focuses mainly on demands regarding
course enrollments, issues with viewing classes, and operational
difficulties, such as how to “manage” actions in the system. It in-
cludes cases where students are not able to enroll or view courses
correctly.

Cluster 3: Defense Processes and Documentation
Key terms in this cluster include the words minutes, sign, defense,
password, committee, signature. This cluster indicates a focus on
bureaucratic processes related to academic defenses (specialization,
master’s, doctorate), including generating minutes, digital signa-
tures, and instructor access. Password and authentication issues
are also common in this context.

As it can be observed in Figure 1, the user dissatisfaction is
categorized into five levels, denoted as L1 through L5. Regarding
it, L1 represents the lowest degree of dissatisfaction (e.g., mild
concerns). While L5 is the highest level (e.g., strong frustration
or severe complaints). The stacked bars for each cluster illustrate
the frequency of occurrences at these levels. The gradient shading,
from lighter (L1) to darker (L5) tones, emphasizes the progression
in intensity.

800

600 |- -

Occurrences (count)
N
(=]
(=)
T
|

200 - 1

Cluster

L1 "L2" "L3FRL48RL5

Figure 1: User Dissatisfaction level grouped by Cluster. The
Levels are categorized as L1 (mild concerns) to L5 (strong frus-
tration or severe complaints). Stacked bars show occurrence
frequencies per cluster, with gradient shading from lighter
(L1) to darker (L5), highlighting intensity progression.

A significant number of tickets (39.1%) indicate extreme dis-
satisfaction, underscoring the urgency for targeted improvements
(Figure 1). Cluster 1 (system access) dominates in extreme dissatis-
faction cases, followed by Clusters 2 and 3. In contrast, Cluster 0
exhibits relatively fewer instances of dissatisfaction, which may
suggest that its associated issues are either less critical or being
addressed more effectively. From the above analyses, four main
need categories (Step 1) are presented in Table 2.

3Brazilian individual taxpayer registry
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Table 2: Identified User Needs (WHATS)

ID User Need (WHAT)

N1 Update and correct academic data easily

N2  Access the system without authentication failures
N3 Complete enrollment and view courses correctly
Manage defense processes and signatures with

N4
less bureaucracy

These needs provide a focused lens on the users priorities for
system improvement. This analysis guided the prioritization of
user needs in Step 2, which were computed according to Equa-
tion 1, and the outcomes are presented in Table 3, emphasizing that
authentication and enrollment are key areas for intervention.

Table 3: Prioritization of User Needs

ID User Need Dissatisfaction Normalized

(WHAT) Level Weight (Wy,,)

N1 Academic data up- Low 1.0
dates

N2 System access and High 5.0
authentication

N3 Course enrollment High 4.2
and management

N4 Thesis defense pro- Moderate 2.6
cesses

Based on the Table 3, we conducted the next Step 3 by deriving
the corresponding technical responses, as shown in Table 4. The
mapping indicates a strategic focus on authentication robustness,
enrollment automation, and user notifications, which align with
the highest dissatisfaction areas.

Table 4: Identified Technical Responses

ID Technical Characteristic (HOW)

T1 Robust authentication with password recovery

T2 Automatic validations for enrollment and courses
T3 Interface for editing and correcting registration data
Management panel for thesis defenses with

status and signatures

T5 Real-time notifications of errors or pending issues

T4

Through the House of Quality matrix (Table 5), in Step 4, it is
possible to verify the strong relationships between critical user
needs and technical features. For instance, the robust authentica-
tion (T1) directly addresses the highest priority need (N2), while
enrollment validations (T2) strongly support course management
needs (N3).

In Step 5, by multiplying each row weight by the matrix values
according to Equation (3) to prioritize the technical features, we
have the final scores as presented in Table 6. It confirms the top

de Santana Neto et al.

Table 5: House of Quality Matrix: Relationship between User
Needs (WHATSs) and Technical Characteristics (HOWs)

WHAT / HOW T1 T2 T3 T4 T5

N1: Data update 1
N2: System access 9
N3: Enrollment/course 1
N4: Defense and signatures 1

_ 0 = W
e =)
O = =
W W W =

priorities for technical effort, with authentication (T1) and enroll-
ment validation (T2) scoring highest, followed by error notifications
(T5). These results provide a clear, data-driven guide for system
development priorities.

Table 6: Calculation of Final Scores for Technical Character-
istics (HOWs)

HOW (T) Score Calculation Final Score
T1 (1.0x1)+(5.0%9)+(4.2x1)+(2.6x1) 52.8
T2 (1.0%3)+(5.0%1)+(4.2x9)+(2.6x1) 484
T3 (1.0x9)+(5.0%1)+(4.2x3)+(2.6x1) 29.2
T4 (1.0x1)+(5.0%1)+(4.2x1)+(2.6x9) 33.6
T5 (1.0%1)+(5.0%3)+(4.2x3)+(2.6x3) 36.4

As a result, we have the orderly prioritized technical require-
ments (Step 6) in Table 7. It emphasizes improvements that directly
respond to user dissatisfaction. For example, implementing func-
tional password recovery and clear error messages (T1) can improve
system accessibility and reduce user dissatisfaction.

Finally, the results obtained provide a solid foundation for de-
signing targeted use cases (Step 7), ensuring that the development
efforts of the system are aligned with the most critical and user-
centered priorities. Based on the identified needs and their respec-
tive technical responses, the following use cases are proposed:

e Login with password recovery;

o Assisted enrollment process;

o Real-time alert and notification system;

e Management dashboard for academic defenses and digital
signatures;

¢ Editing and updating registration data.

In summary, the integrated analysis of user complaints, levels of
dissatisfaction, and technical mappings provides a comprehensive
framework to prioritize improvements that are likely to maximize
user satisfaction and system effectiveness. Future work may include
a detailed description of use cases, which lies beyond the scope of
this study.

4.1 Worked Example

To illustrate the application of the proposed methodology, this
subsection presents a concrete example in which a single user
complaint is transformed into a structured development artifact,
passing through all six steps of the workflow (see Table 1). It is
depicted as follows:
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Table 7: Prioritized Technical Requirements

Priority Technical Requirement

Description

1 T1 - Improve Authentication Implement functional password recovery, secure authentication, and
clear error messages

2 T2 - Enrollment Validations
3 T5 - Error Notifications

cess failures
4 T4 - Defense Manager

and deadlines
5 T3 - Data Editing Interface

Automate validations for classes, prerequisites, and course availability
Display real-time alerts and notifications for pending actions and pro-

Create a panel to control committee status, meeting minutes, signatures,

Create a screen for correcting/editing records with a history of changes

(1) Ticket (Raw Complaint): this complaint ‘T cannot log in
to the system with my credentials. Every time I try, it says
my password is incorrect. I already reset it twice, but it still
does not work.” was extracted from the institutional GLPI
helpdesk dataset and classified into Cluster 1 — Course and
Access Management, which concentrates on issues related
to authentication and access;

(2) Identified User Need (WHAT): from clustering and the-
matic analysis, this ticket is mapped to N2: Access the sys-
tem without authentication failures (see Table 2);

(3) Prioritization through Sentiment Analysis: Sentiment
analysis classified the complaint as Level 5 (L5), correspond-
ing to strong frustration or severe dissatisfaction. Given its
high recurrence in the dataset, the normalized weight for this
need was 5.0 (see Table 3), establishing N2 as a top-priority
user demand;

(4) Technical Response (HOW): during the technical mapping
sessions with senior IT staff, the user need N2 was translated
into the technical response T1: Robust authentication
with password recovery (see Table 4);

(5) Weighted Impact Analysis: from T1, the relation between
user needs and technical responses is quantified to compute
their relative impact and prioritize implementation. For N2,
this results in a strong correlation with T1 (see Table 6);

(6) Prioritized Technical Requirements: from the impact
analysis, a functional requirement is formalized and ranked
according to its priority (see Table 7). In this case, it has the
highest priority (1).

This example demonstrates how the methodology transforms
a single raw complaint into a requirement specification, ensuring
transparency, traceability, and alignment between user dissatisfac-
tion and technical improvements.

5 Challenges and Prospects

This section discusses the main challenges encountered in apply-
ing the methodology and outlines prospects for its evolution and
broader adoption within academic software systems.

The proposed methodology is highly transferable, and its core
principles extend beyond the university academic management con-
text. The automated NLP pipeline (Steps 1-2) is domain-agnostic
and highly transferable, making it applicable to any domain with
user feedback, such as helpdesk tickets or support forums. However,

its success depends on domain experts, such as senior software engi-
neers or business analysts, who have deep knowledge of the target
system architecture and business rules. As such, the framework
acts as a powerful, data-driven support tool for RE, allowing the
transformation of user needs into viable technical solutions.

The results highlight recurring patterns of user dissatisfaction,
revealing persistent challenges related to usability, data manage-
ment, authentication, and bureaucratic workflows. These findings
underscore the importance of adopting data-driven practices for
system improvements. One of the most significant contributions of
this study lies in the ability to operate in legacy system environ-
ments characterized by complexity, evolving institutional processes,
and chronic documentation gaps.

However, several challenges remain. A key limitation is the man-
ual nature of critical stages, such as the technical mapping (Step
3). While the knowledge of the expert team is vital for ensuring
technical feasibility, this approach may introduce subjectivity. For
example, the proposed technical solutions may be influenced by the
experiences and architectural preferences of the team, potentially
overlooking other alternatives. Future iterations should consider
other stakeholders, like business analysts and key users. It will
enrich the solution space and reduce potential bias.

Furthermore, we acknowledge that the formal validation of the
derived requirements by RE specialists and end-users is essential.
This step must involve techniques such as expert reviews, user
interviews, focus groups, participatory validation sessions, or us-
ability testing. However, the contextual challenges of the legacy
system environment made it complex to execute this phase within
the scope of this study. As future directions, we plan to implement
the prioritized use cases and integrate structured interactions with
stakeholders to consolidate the insights generated automatically.
Thereby, reinforcing the legitimacy of the produced artifacts. This
feedback loop is fundamental to refining the requirements, aligning
the evolution of the system with user expectations, and strength-
ening the overall reliability and robustness of the methodology.

Additionally, the lack of a formalized baseline for RE made it un-
feasible to conduct a direct comparison against previous approaches.
Thus, the reliance on reactive and undocumented problem-solving
was the motivation for this work. Therefore, the main contribution
is the establishment of a novel, systematic, and traceable process.
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Despite these limitations, the approach already offers concrete
benefits. It accelerates and structures the prioritization of system im-
provements, enhances communication within development teams,
and promotes alignment with user demands. The integration of
Al tools facilitated the analysis of large-scale feedback, supporting
the process of requirements elicitation. This reinforces the need
for continuous and structured communication between users and
development teams. Thus, reaching the balance between user sat-
isfaction and operational constraints, such as legal aspects and
internal processes.

6 Conclusions

This study proposed an integrated methodology that combines
NLP and QFD to systematically transform unstructured user com-
plaints into functional software requirements. Applied to AMS,
the approach demonstrated its ability to prioritize user needs and
support informed technical decisions, even in the context of legacy
platforms with limited documentation.

Although some steps still rely on manual analysis, the methodol-
ogy significantly enhances the speed, transparency, and objectivity
of the requirements engineering process. Its practical benefits, cou-
pled with its alignment with key dimensions of software quality,
suggest strong potential for adoption in other institutional and com-
mercial systems. As such, it provides a scalable and user-centered
framework for digital transformation, particularly effective in con-
texts where user complaints are abundant but technical documen-
tation is limited. Using real user feedback, the approach enables
faster, more transparent, and aligned system improvements.
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