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ABSTRACT 
 
The landscape of software development has seen a massive shift in the last few years, with rising use of 
data-driven methods for making product decisions. One area that has made a significant difference is the 

integration of machine learning and artificial intelligence technologies to inform software engineering 

practice, including prioritization of product features. Software product feature prioritization is an essential 

process directly influencing the competitiveness and success of a product. Traditional techniques, though 

fundamental, tend to fall short in resolving the intricacies of contemporary software ecosystems. This study 

delves into the revolutionary potential of machine learning (ML) and artificial intelligence (AI) for 

improving feature prioritization. An extensive literature survey identifies existing trends and their 

drawbacks, such as inadequate integrated frameworks and scalability and interpretability issues. The 

suggested framework integrates heterogeneous sources of data, predictive analytics, natural language 

processing (NLP), and optimization algorithms to support real-time data-driven decision-making. 
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1. INTRODUCTION 
 
Prioritization of features is a pillar of software product development, defining the direction of 

products by deciding what features to build, improve, or postpone. This activity is essential for 

synchronizing the development of software with user requirements, market forces, and strategic 

business objectives (2019). Conventional methods like the MoSCoW prioritization approach and 
Weighted Scoring have offered basic ways to make these choices. These frameworks focus on 

structured assessment but are usually constrained by their dependence on personal opinions and 

restricted datasets. This limitation frequently leads to priorities that are misaligned with true 
market and user needs, jeopardizing product success and reducing competitive edge.  

 

The increasing complexity of the software landscape, fuelled by fast advancements in 

requirement shifts, evolving user behaviour, and heightened market competition, has made 
conventional approaches ineffective. The emergence of machine learning (ML) and artificial 

intelligence (AI) carries a groundbreaking potential to overcome these constraints. Through the 

examination of extensive and diverse datasets, AI systems have the ability to identify obscure 
patterns and generate practical insights that may not be easily noticeable through human 

observation (Shi et al., 2020).  This study investigates how feature prioritizing processes can be 

changed by ML and AI. These systems facilitate end-to-end and dynamic assessments by 
combining data from multiple sources, such as market insights, technological viability, customer 

input, and usage statistics. In addition, they enable real-time decision-making and tackle essential 

challenges like scalability, interpretability, and responsiveness. This research seeks to fill gaps in 
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current literature by suggesting a strong framework that holistically integrates technical 
breakthroughs with practical implementations, thus improving the accuracy, responsiveness, and 

overall effectiveness of feature prioritization in modern software development settings. 

 

2. LITERATURE REVIEW 
 
The feature prioritization discipline has historically relied on techniques such as the Kano Model, 

which classifies features according to their ability to increase customer satisfaction, and 

Weighted Scoring, which evaluates features against criteria set in advance. These models, 
although standardized, are often hampered by their fundamental dependence on the subjective 

human perspective and inability to respond dynamically to shifting market and user 

environments. The inflexibility of such traditional systems more often than not leads to 

suboptimal decisions regarding prioritization that do not keep pace with fast-changing software 
development landscapes. The advent of artificial intelligence and machine learning has made new 

possibilities available in feature prioritization (Qayyum & Qureshi, 2018). ML algorithms can 

analyze diverse data sources, uncover hidden patterns, and generate predictive models that inform 
prioritization decisions with greater objectivity and precision (Samatas et al., 2021). For instance, 

industrial predictive maintenance uses ML to analyze complex, continuously changing sensor 

data and determine the best maintenance schedules. Likewise, in software product development, 
AI-based feature prioritization can combine customer input, market trends, and technical viability 

to inform strategic resource allocation. Recent studies have explored the application of ML and 

AI techniques, such as natural language processing, sentiment analysis, and multi-criteria 

decision-making, to facilitate feature prioritization. These techniques hold potential to improve 
accuracy, scalability, and responsiveness through automated evaluation and ranking against 

objective facts (Roffo, 2016). 

 
Recent developments in artificial intelligence (AI) and machine learning (ML) have opened up 

new possibilities for automating and improving feature prioritizing. For instance, a more 

objective perspective of user preferences can be obtained by using natural language processing 
(NLP) tools to evaluate textual consumer input and extract sentiment-based insights. Brown et al. 

(2020) demonstrate the application of clustering algorithms to effectively segment users and 

identify distinct patterns in feature preference across different demographic groups. Similar to 

this, it has been discovered that predictive analytics models—like the ones presented by Singh 
and Kumar (2019)—are useful in forecasting the possibility that particular features would be 

adopted based on usage patterns and past trends. By striking a balance between feature priorities 

and development restrictions, optimization algorithms—first presented by Zhang et al. in 2021—
have also improved resource allocation strategies. 

 

2.1. Gaps in The Literature 
 

Despite these technological advancements, there are significant limitations in current research 

and practices. Most frameworks are still narrowly scoped, tackling isolated elements of the 
prioritization process, like sentiment analysis or demand forecasting, without weaving these 

capabilities together into a coherent decision-making framework. This fragmented approach 

hinders the capability to derive holistic insights that consider multidimensional inputs, such as 

customer requirements, technical viability, and business goals. Moreover, the lack of real-time 
responsiveness in current solutions is a major concern in dynamic and fast-paced development 

contexts (Peters & Saidin, 2000). Inflexible models cannot adapt to the constant stream of new 

data, such as new customer opinions or market developments, which are essential for keeping up 
with the times in prioritization. Scalability problems also occur when working with large volumes 
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of data from various sources, typically overwhelming current systems and resulting in 
performance bottlenecks.   

  

The socio-technical dimensions of feature prioritization remain another underexplored area in 

literature. Factors such as stakeholder biases, organizational hierarchies, and communication gaps 
between technical and non-technical teams often influence decision-making in subtle but 

impactful ways (Felfernig, 2021). To cater to these elements, an equilibrium approach with the 

inclusion of AI-based inputs coupled with human-centric elements has to be utilized to foster 
cooperation and ensure prioritization is conducive to long-term organizational goals. These 

discrepancies underscore the necessity of an all-encompassing and expandable system that 

leverages the benefits of AI and ML while balancing the demands of practical software 
development. In order to support dynamic, data-driven decision-making, this system would 

combine multiple analytical techniques, including natural language processing, predictive 

modelling, and optimization, into a single framework.  By doing this, it would not only improve 

the efficiency and precision of feature prioritization but also allow organizations to react more 
meaningfully to market needs and user expectations. 

 

3. CONCEPTUAL FRAMEWORK 
 

The proposed framework, named DIPLOMAT (Data-Integrated Prioritization Leveraging 

Optimization, Machine learning, and Advanced Transparency), provides a structured approach to 

modern feature prioritization challenges. It comprises three interconnected pillars: Data 

Integration, Prioritization Models, and Collaborative Transparency. Together, these 
components ensure that feature prioritization is dynamic, scalable, and aligned with user and 

market needs. 

   
1. Data Integration Data integration is the foundational step of DIPLOMAT framework, 

synthesizing diverse data sources to inform decision-making. Key components include: 

 

 Customer Feedback: Processed through natural language processing (NLP) to analyze 
sentiment and detect emerging needs. 

 Market Trends: Extracted from competitor analysis and industry reports to ensure 

alignment with external demands. 

 Technical Feasibility: Evaluated through resource allocation and engineering 

assessments to identify constraints. 

 
By integrating these datasets, the framework creates a comprehensive and holistic view of feature 

prioritization. 

 
2. Decision-Making Models At the core of DIPLOMAT framework is a prioritization 

model that balances competing objectives. The utility of a feature is defined as: 

 

𝑈(𝑓) = 𝛼1𝑆𝑐 + 𝛼2𝑆𝑚 + 𝛼3𝑅𝑡 + 𝛼4𝑃𝑓 

 

Where: 

 

 U(f): Utility score of the feature f. 

 Sc: Customer satisfaction score derived from sentiment analysis. 

 Sm : Market demand score predicted through clustering. 

 

 Rt: Resource availability, weighted by feature complexity. 
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 Pf : Predicted future revenue contribution of the feature. 

 α1 ,α2,α3,α4:: Tunable weights reflecting the importance of each criterion, determined 

through stakeholder input. 

 
To optimize feature prioritization, an optimization model is developed: 

max    (∑ 𝑈(𝑓𝑖)

𝑛

𝑖=1

  ∙  𝑥𝑖) ,  𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜  ∑ 𝐶𝑖

𝑛

𝑖=1

  ∙  𝑥𝑖  ≤ 𝐵 

Where: 
 

 Xi : Binary variable (1 if the feature is prioritized, 0 otherwise) 

 Ci: Cost of feature  

 B: Total budget available 

 n: total number of features 

 

This optimization ensures that high-utility features are prioritized within the constraints of 
available resources. 

 

3. Collaborative Transparency: Transparency is crucial for trust among stakeholders. 

DIPLOMAT framework employs Explainable AI (XAI) techniques to ensure 
interpretability: 

 

 Feature Rankings: Illustrate rankings and the reasons behind them. 

 Interactive Dashboards: Enables stakeholders to reweight and simulate scenarios. 

 Interpretable Outputs: Provide explanations that foster trust and facilitate collaborative 

decision-making. 
 

This transparency bridges the gap between algorithmic recommendations and stakeholder 

insights, ensuring alignment between technical outputs and business objectives. A flowchart of 
the experimental process (Figure 1) details key steps: data collection, preprocessing, feature 

scoring, model application, and feedback evaluation. 

 

 
 

Figure 1: Experimental Flowchart 
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The experimental flowchart outlines the workflow, from data acquisition to final feedback 
analysis. It includes the integration of preprocessing steps, such as sentiment analysis and 

clustering, followed by utility scoring and optimization. 

 
Table 1: Key features of the components 

 

Component Description Key Features 

Data Integration Synthesizes diverse datasets, 

including customer feedback, 

market trends, and technical 

feasibility. 

Uses NLP for sentiment analysis; integrates 

structured and unstructured data. 

Decision-Making 

Models 

Balances feature utility, market 

demand, resource feasibility, and 

expected impact. 

Utility scoring formula; optimization model 

to prioritize features within constraints. 

Collaborative 

Transparency 

Ensures stakeholder involvement 

and trust through explainable AI 

techniques. 

Interactive dashboards; interpretable 

outputs for stakeholders; facilitates 

collaborative decision-making. 

 

4. IMPLEMENTATION SCENARIOS 
 

The conceptual framework can be utilized in different fields to highlight its versatility and 
effectiveness. By tackling particular issues and matching feature prioritization with industry 

needs, this framework proves its flexibility and adaptability. 

  
Retail: The framework can be used by retail platforms to prioritize services like individualized 

recommendations or expedited checkout procedures. Retailers can identify and implement 

features that enhance user satisfaction and boost sales by combining consumer purchasing 
patterns, industry trends, and operational constraints (Felfernig, 2021). 

  
Healthcare: The system can rank features in electronic health record (EHR) systems based on 
patient feedback, regulatory compliance, and clinical outcomes. For instance, features enhancing 

physician access to patient data while maintaining HIPAA compliance can be ranked using a 

weighted comparison of user satisfaction, technical feasibility, and regulatory needs (Peters & 
Saidin, 2000). 
  
Finance: In the financial sector, the framework can improve fintech application development by 
selecting top features based on trends in transaction data, fraud patterns, and customer behavior 

analysis. For example, features that provide better fraud detection can be ranked by assessing 

their effectiveness in minimizing financial loss and the likelihood of adoption by users (Qayyum 
& Qureshi, 2018). 
  
Manufacturing: The framework can inform feature prioritization for smart factory systems by 
evaluating production efficiency, machine performance metrics, and employee feedback. For 

instance, features that streamline predictive maintenance schedules or link real-time production 

monitoring can be prioritized based on their ability to reduce downtime and improve productivity 
(Samatas, Moumgiakmas & Papakostas, 2021). 
  
These examples illustrate how the framework goes beyond traditional methods by correlating 
feature prioritization with the specific needs of different industries, providing a strong solution to 

intricate problems (Zhang et al., 2021) 
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5. BENEFITS AND IMPLICATIONS 
 
The suggested framework has a number of important advantages that make it more applicable in 

various industries and organizational settings. By combining AI and ML with socio-technical 

principles, the framework presents a strong solution to the problems of contemporary feature 

prioritization. 
 

1. Scalability: The modular and flexible nature of the framework enables seamless 

adaptation to a wide range of industries, from healthcare to retail, ensuring its utility in 
diverse operational environments. This scalability ensures that organizations can tailor 

the framework to address their unique challenges and opportunities.   

 

2. Transparency: With the use of explainable AI (XAI) techniques, the system develops 
trust among stakeholders because the prioritization process is clear and transparent. XAI 

techniques, such as visual explanations and interpretable model outputs, allow non-

technical stakeholders to view the rationale behind the recommendations, thereby 
promoting greater acceptance and utilization. 

 

3. Collaboration: The approach's emphasis on socio-technical integration improves 
cooperation between corporate stakeholders and technical teams. The method guarantees 

that feature prioritization is founded on both technical feasibility and strategic objectives 

by integrating many viewpoints into the decision-making process, which promotes 

organizational cohesion. (Felfernig, 2021) 
 

4. Dynamic Decision-Making: The structure can easily adapt to evolving market 

situations, client demands, and limiting conditions through the inclusion of real-time 
information. Organizations that exhibit dynamic flexibility are able to stay competitive 

and flexible when under pressure, shifting priorities as necessary based on fresh 

knowledge. 
 

5. Enhanced User-Centric Design: Through the integration of customer feedback and 

market analysis into the prioritization model, it ensures that end-user needs are given top 

priority in making decisions. This user-centric approach improves product relevance, 
raises adoption levels, and enhances customer satisfaction, ensuring long-term success. 

(Liu et al., 2019) 

 

6. LIMITATION AND FUTURE WORKS 
 

1. Dependence on Quality and Availability of Data: The AI-driven framework is highly 

dependent on the quality and completeness of input data. Inconsistencies, biases, or gaps 

in customer feedback, market trends, or technical feasibility reports can lead to wrong 
prioritization. Future research should focus on developing robust data validation and 

augmentation techniques to enhance data quality, thereby making feature prioritization 

more reliable. (Zhang et al., 2018) 

 

2. Interpretability of AI Decisions: Although there are integrated Explainable AI 

techniques, the complex nature of the ML models often makes it unclear to stakeholders 
as to why particular features are valued over others. Advanced visualization and 

interactive dashboards should be created to enhance the transparency and support 

stakeholders in interactive exploration of decisions made in feature prioritization. 
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3. Scalability Issues in Massive Organizations: The computational complexity when 
processing huge datasets in real time may cause inefficiencies, more so in firms dealing 

with a thousand feature requests. Future deployments should focus on optimization 

techniques as well as using distributed computing concepts to increase the scalability of 
these large-scale environments for software development. 

 

4. Potential Algorithmic Bias: AI models may unintentionally inherit biases present in 

historical data, leading to unfair prioritization or overlooking important but less 

frequently mentioned features. Bias detection and mitigation strategies should be 

integrated into the framework, including fairness-aware algorithms and periodic audits to 
ensure equitable feature selection. 

 

5. Challenges in Cross-Domain Adaptability: Although the framework is general-

purpose, with different domains-specific challenges, regulatory requirements, and 

stakeholder expectations that maybe not fully covered, the framework should be further 

adapted and tested in diversified domains of healthcare, transportation, and public sector 

services to ascertain its adaptability to different domains and effectiveness. (Sadegh et 

al., 2018) 

 
6. Resource and Cost Constraints: The implementation of AI-powered prioritization 

presents complexity in computational resources, skill requirements, and integration 

efforts, which may be challenging for smaller organizations. Future studies should 

explore cost-effective AI models that fit cloud-based solutions to facilitate greater 

adoption of AI-driven feature prioritization by entrepreneurs and medium-sized 

companies. (Chalmers et al., 2020).  
 

7. CONCLUSION 
 

This paper formulates an exhaustive conceptual framework for utilizing artificial intelligence 

(AI) and machine learning (ML) in feature prioritization, which bridges essential gaps in 

conventional methodologies. The suggested framework acts as a theoretical underpinning in 
enhancing decision-making in software product development through the amalgamation of 

various data sources, the use of explainable AI methods, and the inclusion of socio-technical 

aspects. The strength of the framework is its power to connect technology innovation with 
people-centric requirements. By prioritizing transparency, scalability, and cooperation, it presents 

a way of bringing product development strategies in alignment with changing market 

requirements and emerging user expectations. The incorporation of stakeholder co-creation and 

dynamic responsiveness provides a mechanism through which the priority process is not only 
practical and participative but also adaptive in nature, dealing with the challenges of 

contemporary software ecosystems. Furthermore, this solution highlights the ability of AI to 

transform the process of optimizing software development practice into becoming more efficient 
and innovative. Not only does it improve the process of user requirements matching with product 

functionality, but it also builds the groundwork for adaptive and sustainable decision-making 

frameworks that are scalable in tandem with technology growth. This theoretical framework 
paves the way for future industry uptake and study, with a focus on requiring further research and 

innovation of AI-driven prioritization tools towards the vision of meeting the demands of a 

growing and competitive digital economy.  
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