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Abstract

Manual Software requirements engineering has encountered significant challenges
related to time overhead, high human effort, susceptibility to errors, and limited scalability
for dynamic change handling, ranking and prioritization of non-functional requirements
and requirements change requests. This study proposes an adaptive, dynamic, scalable, and
Al-driven optimization model for software requirements scaling and prioritization using
advanced machine learning and hybrid Al-based prioritization to improve accuracy and
efficiency in requirement decision-making.

The proposed approach employs hybrid Al-driven framework integrating machine
learning models for requirement classification and prediction, natural language processing
for text processing, optimization-based scoring for ranking and prioritization, and domain-
aware Al models. Software Requirements Prioritization and Change Management Model
(SRPCMM) embed Al-driven analysis across requirement engineering phases, enabling
optimization-based scoring and dynamic re-prioritization, Natural Language Processing
(NLP) -based ambiguity reduction, and efficient change management. A novel risk-adjusted
weighted priority scoring mechanism supports realistic and integrated criteria-driven
evaluation. The experimental evaluation on an industrial software dataset has shown a 25-
30% improvement in prioritization accuracy. The proposed model addresses key limitations
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of traditional requirement engineering by enabling integrated, automated, and intelligent
decision-making processes.

Subject Classification: 68N30, 68T05, 90C27, 90C59, 90B50.

Keywords: Al requirement engineering, Machine learning, Optimization model, Requirement
prioritization, Software engineering.

1. Introduction

Software engineering is a disciplined, systematic, process-oriented
approach for the development of high-quality software. It includes
software requirements engineering as a critical technique to discover,
describe, analyze, classify, validate and model requirements. This process
provides an opportunity to describe software features, functions,
processes, and constraints. Software configurations manage and control
the requirement change requests. Discovering requirements is a
challenging process for complex and new technologies. Requirement
Elicitation and prioritization is a time-consuming, expensive and risk-
prone method that can slow down the overall development process [1].
Predicting future requirements to determine whether they become
obsolete or require redesign is also challenging. The application of machine
learning can improve the accuracy of data analysis [2]. Automated
decision-making enhances software project management by ensuring that
requirements remain aligned with organizational and business objectives.

2. Review of literature

Traditional Approach

Traditional requirement engineering methods employ structured
techniques such as the Analytic Hierarchy Process (AHP), Must have,
should have, could have, Will not have (MoSCoW), and decision matrix
approaches to prioritize requirements based on predefined criteria.
Requirement ratings are evaluated based on criteria such as importance,
urgency, and feasibility. The MoSCoW technique performs manual
qualitative input classification into four categories—must have, should
have, could have, and won't have. Though these techniques are effective
for small to medium-sized projects, conventional approaches often face
scalability challenges as the number of requirements [3]. Exponential
growth in requirements limits the practical applicability of these
approaches in complex projects. Additionally, Manual ratings often
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introduce bias and inconsistency, making it difficult to systematically
resolve conflicting priorities. These approaches also fail to handle dynamic
changes and slow down responsiveness and the overall requirement
management process. Despite their critical importance to software quality,
nonfunctional requirements are often treated separately or inadequately.
Therefore, traditional manual approaches and structured decision
frameworks face challenges related to scalability, automation, and complex
interdependencies. This has motivated the development of Al-driven and
hybrid techniques to overcome these limitations [4, 5].

Agile requirement engineering introduces a systematic three-
dimensional approach to mitigate Software Requirements Specification
(SRS) challenges without relying on Artificial Intelligence or Machine
Learning techniques. The Analytic Hierarchy Process (AHP) originally
introduced a significant and reliable requirement prioritization method
but with limited scalability [6]. AHP is found to be more reliable,
dependable, accurate and significant than numerical assignment
techniques for large projects’ requirements prioritization [7]. Hudaib et al.
[1] underscore the significance of key aspects of traditional project success
stakeholder views and non-functional requirements in prioritization.
Stakeholder coordination and limited effectiveness persist as challenges in
complex prioritization [8]. Fuzzy logic-based software requirement
analysis and change management improves classification, scaling and
prioritization [9, 10]. The QuARS (Quality Analyzer for Requirements
Specifications) tool-based Quality Model is presented for refined,
unambiguous assessment of SRS semantic quality through lexical and
syntactical analysis.

Al (Artificial Intelligence)-ML (Machine Learning) Approach

Al has significantly transformed software engineering by enabling
process automation, improving accuracy, and enhancing productivity [2].
According to Babar et al. [4] integration of neural network, AHP and
value-based techniques can reduce professional partiality and boost
accuracy. Integration of Human judgement with Al techniques provides
significant and accurate results [11] The study suggests that systemized
project management transitioning to an automated Al-based project
management process can be a holistic approach. The study, Studies by
Avesani et al. [5], Perini, Susi, and Avesani [12], and Richardson et al. [13]
reported that early requirement management, automated elicitation, risk
identification, and handling uncertainty vague and incomplete
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requirement challenges can be addressed through modern AI-ML driven
TITLE NAME 5 solutions. AI ML integrated software requirement
analysis, planning, monitoring, control, scaling, prioritization techniques
are found to be effective and enhanced solutions for large, complex and
multifaceted project requirements.

Hybrid Approach

Integration of modern soft computing techniques like fuzzy logic, Al
ML reforms traditional requirement analysis, prioritization and scaling
techniques to address uncertainty, ambiguity, and incompleteness [3].
Earlier studies by Avesani et al. [11] demonstrated the effectiveness of
hybrid requirement prioritization models. Akbar et al. [6] and Arshad et
al. [14] suggested potential of Al integration to maturity model for
improvement in insights and requirements prioritization. With reduced
risk, efforts, cost and time constraints, hybrid approach provides
significance in terms of accuracy, prediction, flexible, robust, and reliable
solutions [15, 16, 17, 18]. Shabbir et al. [19] suggest that future research
should extend the real-time adaptive framework to account for human,
organizational, and domain-specific risk factors. Integration of these
contextual dimensions can lead in comprehensive, dynamic, realistic, and
practical software requirement classification and prioritization models.

3. Research gap

1. Traditional prioritization strategies need thorough analysis and
investigation due to scalability and stakeholder preferences issues.
For large project requirement prioritization, ranking an analysis
becomes difficult and complicated. Even small-scale requirement
ranking and prioritization found tedious tasks need to reanalyze,
re-examine and reform prioritization techniques. Poor stakeholder
communication, slow manual process and tasks persist as a major
challenge in requirement elicitation and further requirement
engineering.

2. It also traced the gap in experimentation rather than
telecommunication.  Inclusion of non-functional requirements
prioritization strategies for improved decision quality is also a
potential integration opportunity for research.

3. Thereisalsoa gap identified for integration of system for requirement
elicitation methods, dynamic requirement management, and
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classification of ambiguous, vague, uncertain and/or incomplete
requirements.

4. Experimental research is mainly required to endorse consequences
and assurance that the proposed Al-drivenrequirement prioritization
research model can be applied to various real-world organizational
sizes.

4. Objectives

¢ To classify software requirements or needs using machine learning
models.

e To prioritize and rank software requirements using optimization-
based scoring.

e To validate critical software requirements based on Al-driven
classification and prediction.

5. Limitations of the Study

The data for study was extracted in Comma-Separated Values (CSV)
dataset format from secondary sources.

The requirement analysis, elicitation, classification, prioritization,
and ranking are the only aspects for the study.

There may be differences in parameters and the resultant requirement
classification priority ranks.

6. Research Methodology

The experimental research with a create-and-design strategy focuses
on designing an Al-driven optimization model for software project
requirement prioritization and ML based requirement classification.
Dynamic real-time adjustment to priority ranks and re-prioritization
learns from its own incremental data and changing needs are met in a
timely manner. Mathematical optimization using Al and ML reduces
manual bias chances and provides risk-adjusted data driven reliable
intelligent decisions. As model considers stakeholder’s priority and
emergency input dynamically, it can assess the impact of changing needs
and can be quickly validated and absorbed into the final essential,
desirable, and deferred set of requirements for implementation. Table 1
illustrates key challenges in software requirements prioritization, ML-
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driven solutions, and their alignment with the objectives of the proposed

model.
Table 1
ML-Driven Requirement Prioritization Model
Challenges in
Conventional Suitability Solution aims to
Prioritization
Scalability Inefficient ML processes complex | Build a scalable
for large and large requirement | Software
requirement sets. | datasets quickly Requirements
without human Prioritization
intervention. and Change
Management
Model framework
to classify,
Dynamic ML models can learn | Apply dynamic,
Changes Market, technical, | dynamically changed | adaptive and real-
or stakeholder instances. time adjustments
changes; limited to priority ranks
adaptability and re-prioritize
in the SRPCMM
Personal Manual algorithms of Data- Supervised ML
Bias and judgment of driven AI/ML models | and risk-adjusted
Subjectivity | personal bias and | reduce bias scoring.
subjectivity.
Stakeholder | Contradictory Optimization can Improve Al-
and User and Incomplete | aggregate and balance | Driven decision-
Alignment priorities make multi-stakeholder making support in
accord difficult. | input quantitatively. SRPCMM
Non- Difficult to Classifies Al for context-
Functional quantify; often requirements aware analysis,
& Vague deprioritized or | accurately. classification, and
Requirements | deferred in spite priority scoring
of significance. and ambiguity
reduction.
Manual Effort | Requires manual, | Automates Automation
time-consuming | requirement improving
workshops, classification and traceability
reviews, and prioritization.
expert evaluation
sessions.

Source: Compiled by Authors
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This ML-driven classification, prioritization, and management
approach effectively addresses scalability challenges in large and complex
projects. This model updates runtime prioritization rankings, supports
dynamic changes, and effectively handles evolving or changing
requirements. Using ML-based algorithms with risk-adjusted scores
reduces inconsistency and bias in requirement decision-making. It can
resolve prioritization conflicts by aggregating inputs from multiple
stakeholders. ML-based algorithms can achieve data-driven consensus,
which aligns with stakeholder needs more effectively. Trained input
requirements and responses are used to classify requirements into
essential, desirable, and deferred or optional categories. This permits
filtering non-functional and unambiguous requirements from
unstructured text data. The Al-driven optimization model aids requirement
prioritization automation and provides resource, cost, time, and manual
effort optimization.

Data Source

Requirement Dataset Size- 977 requirements in .csv format

Source: https:/ /www.kaggle.com/datasets /iamvaibhav100/software-
requirements—dataset

This study includes industrial software requirements dataset (977
requirements)

Scope of Research Work

Traditional techniques in requirement engineering and prioritization
are inefficient to classify, prioritize and validate requirements in context of
human expertise context. The challenges persist and grow with the size
and complexity of the system. Changing or evolving needs and expectations
of stakeholders need to be traced and satisfied quickly. As the process
initiates with requirement elicitation right from scratch, there is an
opportunity to enhance elicitation to optimize carry forward of deferred
expectations. Systemized efforts and stepwise Al-driven requirement
elicitation, planning, analysis and validation results in successful and
qualitative project completion. The ML-based classification and decision
Optimization model for requirement prioritization considers the multi-
criteria input. Challenges in requirement analysis and management are
addressed by Al's engagement in software development phases. Software
tools for the implementation of SRPCMM are built, and the SRPCMM
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model uniquely applies dynamic reprioritization by integrating NLP and
optimization techniques.

Software Requirements Prioritization and Change Management Model

This integrated approach reduces ambiguity and enhances
requirement classification and prioritization. It focusses on criteria
evaluation and rule-based optimization model, Priority Score is computed
for weighted criteria value estimation integrating importance of core
functionality, time sensitivity, risk exposure and human judgement value.
It estimates requirement priority score for given dataset based on weighted
aggregation of criteria filtered data values and stakeholder input provided.
So, the model addresses scalability to any size of real-world requirement
set. The proposed SRPCMM depicted in Figure 1 demonstrates how
criteria input requirements like source, user input, time input, function
input, hardware software requirement and operational environment can

7 N

‘ 1. Priority Scoring
p————— ! o Business Value ———=
¢ Risk Impact
= ¢ Stakeholder Priority O
"{  Urgency Constraints
Requirement Source * Categories
—} 2. Al-based Analysis —}
o User Input and | and Prioritizatiz)n o Essential -
traint High Priorit;
onskains | ¢ ML - Random Forest : 4
o retel ‘ O Classification +'Desirable ~
Non-Functional Type * Optimization - Ranking Medium Priority
and Prioritization
o Survey / Interviews * ¢ Optional -
Low Priority
| ﬂ 3. Dynamic Adjustment
u ¢ Real Time Update
¢ Risk Adjusted Optimization

A\ J

Source: Author’s own compilation

Figure 1

ML Framework for Software Requirements Prioritization and Change
Management Model. (SRPCMM)
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be captured and pre-processed for further ML-based classification,
prioritization and implementation. Machine learning models are more
precise and scalable than traditional rule-based approaches in classifying
software requirements into Essential, desirable, and deferred categories.

Predictive machine learning algorithms can efficiently evaluate
different criteria as shown in Table 2 to rank software requirements,
increasing the precision of decision-making, and lowering stakeholder
effort. By combining the categorization and prediction results from
machine learning models, a recommendation system may accurately
pinpoint and indicate essential software needs, increasing stakeholder
satisfaction and project efficiency.

Algorithm

1. Start

Requirement Collection Elicitation

Requirement Pre-processing using Natural Language Processing
ML based Classification

Optimization based Priority weighted Score Estimation

Ranking, Prioritization and Recommendation.

NS ke w D

Stop

Rule Specification Criteria used

If any requirement directly is part of core functionality or is required
to be mandatory, then business criticality will be assigned a high score of
‘5”. If requirement enhances efficiency, performance or user experience but
is not mandatory then business criticality score assigned to medium range
is 4 and third lowest business criticality score ‘3’ is assigned to optional or
may-or-may-not-be-included requirement.
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Table 2
Criteria Used for Rule Specification
Sr. Criteria Context Neg d of Class Score
No. Requirement
1 Business core system Critical High 5
Criticality functionality, functionality and
revenue mandatory
ti
generation, enhances system |Medium 4
or regulatory L
. efficiency or user
compliance .
experience but
not mandatory
May be included |Low 3
or Optional
2 Risk Impact  |Potential of Security High 5
unexpected breaches. Legal
consequences or system failure
affects Medium 4
performance
or reliability
without critical
damage
minimal Low 3
operational or
legal impact
3 Urgency Reflects the time |needed High 5
sensitivity based |immediately
deadlines,
gn cacimes Needed but not |Medium 4
ependencies, or | )
immediately
release cycles
Can be Low 3
postponed
4 Stakeholder  |importance Strong Demand |High 5
Priority demanded by by Authority
takehold
stakeholders Demand by few |Medium 4
stakeholders but
not all
Limited interest |Low 3

Source: Compiled by Authors
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Similarly, risk impact for critical negative consequences like system
failure, security breaches or system failure specifies high score’5’, the risk
only affects performance or reliability without higher damage to system,
security or doesn’t create legal issue is assigned to medium score ‘4’. Low
or minimal or negligible risk impact is assigned to score ‘3". Time sensitivity
is measured and dependent based on deadlines, so if requirement needed
to complete immediately are urgent so assigned to High Class with
Urgency Score ‘5, followed by needed but not immediately with medium
class score 4 and can be postponed assigned to no urgency that is Low
Class Urgency Score is ‘3". Stakeholder Priority is Human component set
[20] i.e. if any requirement is strongly demanded by any authority or
expert user then assigned to class High with Stakeholder Priority score ‘5,
demanded by few but not by all or authority will be assigned to medium
class with score ‘4’, and if less importance of requirement recognized by
limited interest will be Low with Score ‘3".

Priority Class Scoring logic and Formula

The formula for score logic is derived using each criterion” weight
score into assigned critical value. The prioritization score was calculated
using a weighted formula:

Weighted Prioritization Class Score Formula

PSi =WBC xBCi +WSP xSPi +WRI xRIli +WU xUi

Weighted Prioritization Class Score = (Weight for Business Criticality
xBusiness Criticality Value) + (Weight for Stakeholder Priority x Stakeholder
Priority Value) — (Weight for Risk Impact x Risk Impact Value) + (Weight for
Urgency x Urgency Value)

This formula reflects a practical approach where business criticality
value, Risk Impact, time urgency and stakeholder priority value are
given more weight, while risk negatively influences the score. Feature
complexity has a smaller positive influence, acknowledging its relevance
but not overemphasizing it. Weights are expert defined to include human
expert inclusion.

ML based Classification Rule for Decision Prioritization

Essentital Requirement, HighPS,
Priority Score Classification = | Desirable Requirement, Medium PS,
Optional Requirement, Low PS,
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So, the given formula will verify the estimated threshold and compare
as per priority classification rule to determine the fitness of membership
of class.

7. Results

Requirements Classification mode

The classification model represented in Figure 2 successfully labelled
each requirement as either Functional or Non-Functional based on the
input features.

ﬁ » ML-based Software Requirement Engineering

Requirement Classification Module

1. Upload Requirements CSV Classified Requirements Prioritized Top
Select CSV File ca
i= Classified Requirements
Browse... = sample_software_requirements.csv = ¥ .
classified as Functional or N ction:
& Upload Complete Requirement_ID Requirement_Text Feature_Complexity  Business_Value  Risk  Stakeholder_Priority Type
REQ-001 This is software requirement 1 3.60 1.40 6.40 3 Non-Functional
2. ML Analysis Settings
REQ-002 This is software requirement 2 810 500 400 1 Functional
Top N Recommendations
= = REQ-003 This is software requirement 3 470 820 540 3 Functional
REQ-004 This is software requirement 4 8.90 210 9.60 5 Functional
P Run ML Analysis
REQ-005 This is software requirement 5 950 6.00 530 3 Functional
REQ-006 This is software requirement 6 1.40 290 200 3 Non-Functional
Status: Analysis Completed Successfully
Requirements classified using Random Forest
model.
Source: Compiled by Authors

Requirement Classification
Out of six requirements:

* 4 requirements were classified as Functional

* 2 requirements were classified as Non-Functional

Top Recommendations

The system depicted in Figure 3 effectively filtered and displayed the
Top 5 recommended requirements, guiding development planning and
resource allocation. High-priority items received immediate attention,
while low-complex requirements received lower prioritization. The risk
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penalization logic demonstrated effectiveness, with high-risk items
deprioritized.

@ ML-based Software Requirement Engineering

Top Requirement Recommendations

& Upload Requirements CSV % Top Requi

Top-N requirements recommended based on priority score (higher score indicates higher priority)
Select CSV File

Browse...  sample_software_requirements.csv

Rank Requirement_ID ‘ Requirement_Text Priority Score Type

@ Upload Complete b
1 REQ-009 This is software requirement 9 4.80 Functional
£ Analysis Settings 2 REQ-037 This is software requirement 37 4.26 Functional

Top N Recommendations

5 % Q REQ-008 This is software requirement 8 4.22 Functional
P> Run ML Analysis @ REQ-044 This is software requirement 44 415 Functional
LY — @ REQ-023 This is software requirement 23 4.08 Functional

Top recommendations generated based on

priority score.
@ showing top 5 recommendations.

Source: Compiled by Authors
Figure 3

Top Requirement Recommendations

8. Analysis

This classification enables project stakeholders to understand the
nature of each requirement better, facilitating teams in assigning
responsibility and determining the technical versus operational effort
required.

The model aligns with real-world software engineering expectations,
and non-functional requirements like REQ-001 and REQ-006 were
identified and managed separately. The model provides clarity across
classification, prioritization, and actionable top N selection, ensuring a
clear understanding of requirements.

9. Discussions

Al driven software requirements optimization model in Figure 4 uses
criteria-based ML rule system as specified is used to automate software
requirement classification in functional and non-functional requirements
and prioritization process filtering top N requirements based on priority



AI-DRIVEN OPTIMIZATION MODEL FOR PRIORITIZATION 2803

@B Al-Driven Software Requirement Prioritization

Prioritization Module

i= Prioritized Requirements

1. Upload Requirements CSV
Show 10 v entries Search:
Select CSV File
Business |  Risk | Stakeholder
S

Criticality | impact |

Priority | Priority

Browse..  SIVReqcsv Type | Requirement Score | Class

& Upload Complete o

Urgency

s s s s 328 Optional
au
between aut
atempts.
2. Priority Weights (Adjust Importance)
SE Only adjusters can request recycied parts audit reports. No s s " B 328 Optional
Business Critcalty users without an acjuste ole shall equest recyced parts
audts
e T T T s an update prferred s s m s 5o | ooed
’ e supervsor role
Risk Impact s
SE Ony colision estimators shall earch orrecycled parts. Users s s s s 328 optional
o without th colision estmator o shall no have access to
o o2 o4  os o8 1 the search for recycld pars.
Stakeholder Prioity SE Onyvald data shallbe entred ntothe system. No nvald s s s s 328 Optional
data shal
:-U v AT 4 ‘ se 5 5 4 5 328 optional
Urgency s s s 4 s 328 optional
s s s " s 328 Optional
o o2 oa " ds ' as 4 ofsenvice
SE The product shall ensure that oy company employees or s s 4 s 328 Optional
» iR Priotitization external users with company approved use IDs may have
product access. 100% o il logons shall be by elthr company
employees or externalusers with company:approved user D5
Pt SE Only managers ae able o perform search queres or s s s s 328 Optional
(G s ricmizaton Catgioved reservatons b usr. 00%of all earch quens or
Requiements priorized base on Alcven anaiyss reservations by user shalbe fom logons of only
managemen logons.
honing 1107001977 ien oo [ 2 7 4 5 - % e

Source: Compiled by Authors
Figure 4

Al Driven Software Requirements prioritization and Classification

scoring ranks. This automation reduces manual efforts, mistakes, time and
cost required for traditional approaches. Poorly specified or ill-defined
requirements are always difficult to classify and prioritize using traditional
techniques.

10. Conclusion

This research article introduces a new ML based optimization model
named Software Requirements Project and Change Management Model
(SRPCMM). SRPCMM solves the issues and challenges of uncertainty,
non-scalability, and non-adaptability. The ML based classification and
Optimization based- Priority Score results in an enormous solution for the
classification, prioritization, and recommending of software requirements.
Dynamic Adjustment and Real Time Update for Risk adjusted Optimization
responsive [21] to both dynamic and stakeholder-centric requirements.
The experimental results classify requirement in Essential (High Priority),
Desirable (Medium Priority), and Optional (Low Priority) classes,
Automated requirement tracing reduces manual intervention and gives
accurate and quick results. The capability of the model to manage non-
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functional, vague, and changing requirements is a clear demonstration of
its utility in real-life scenarios. Moreover, SRPCMM ensures stakeholders’
contentment through the provision of a user-friendly interface where
decision-making is open and feedback is quick, thereby making it easy for
Top-N recommendation and risk-adjusted prioritization. This work has
provided solutions to the significant gaps that traditional techniques, such
as AHP, MoSCoW, and value-based models, have left unaddressed,
particularly in the case of large, evolving software projects. It demonstrates
that Al-driven requirement engineering can reduce manual mistakes and
simultaneously improve the levels of automation, traceability, green
testing and adaptability [22].

The future research work should focus on the integration of fuzzy
logic, expert systems, and reinforcement learning for real-time and large
projects requirement prioritization. Besides this, scalability, robustness,
and class prioritization for cross domain project applicability can be
investigated.
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