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ABSTRACT  
The landscape of software engineering is evolving dramatically as a result of the merging of Artificial Intelligence 

(AI), Agile methodologies, and Software Architecture to meet the needs in today's world such as information 

overload and "guesstimation". This is especially significant in places such as Pakistan, where the IT industry is a 

worldwide freelancer leader and has a 40% failure rate of projects. The study highlights key findings, such as 

having Generative AI (GenAI) help with sprints can boost productivity by up to 88% and the AI-Based 

Architecture Decision Support System (AIDSS) gives architects 100% accuracy on the best tech options for the 

job. Moreover, the AIDSS framework is known to increase the efficiency of documentation as much as 40% of 

time and has been reported to achieve up to a 95% success rate for expert-validated decision making in prior 

literature, with this study's own experiment achieving 100% compliance on a smaller test set. This study aims to 

look into the possibility of introducing AI-based Decision Support Systems (DSS) and machine learning 

algorithms (Random Forest Classifiers and Linear Regression) to take project estimation from subjective "best 

guesses" to the successful "big data facts". The study suggests a strategy called "Agile Architecture" to reduce 

"architectural smells" and the “hit the wall” effect by having AI agents regularly check on architectural "smells". 

The study concludes that the "Human-AI Hybrid" approach should be adopted, with AI serving as a partner to 

maintain ethical standards and human creativity, while also complying with international norms such as IEEE 

1471. 

 

Keywords: Artificial Intelligence, Agile Development, Software Architecture, Machine 

Learning, Project Management. 

I. Introduction  

1.1. The Evolution of Software Development: From Waterfall to Agile: 

The concept of computation intelligence and iterative software development is an infusing 

disruptive change to software engineering. In the past, software development has been plagued 

by a number of straight line processes like Waterfall which stress on the documents. However, 

the Agile evolution of the 2000s emphasized on interaction, iterations and deliveries. As we 

enter the new "Digital Era" of Adrenaline Driven Software Development, with very short and 

rapid delivery cycles and the vast streams of data, the focus on humans of traditional Agile is 

a problem as discussed by C. Miyachi (2011). The industry has transitioned from the Waterfall 

approach to an iterative approach with the stakeholders, thanks to the Agile movement with 

associated tools such as Scrum and Kanban. The emphasis has shifted away from the problem 
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of fixed requirements to the point where brain is overloaded applied in these practices 

according to Sultan Saaed Almalki (2025). 

1.2. AI as a Key Enabler of Productivity: 

As the software systems become more complex in the form of micro service systems there will 

be more risks and complexity in managing multiple tasks. However, as argued by Sultan Saaed 

Almalki (2025) the decision-making process in such dynamic situations is not always data-

based and can yield decisions that do not have a significant impact on the project's success. 

Pawan Anand (2025) has conducted pioneering research with a large survey (260 practitioners) 

of Agile practitioners that studies this interaction. The study revealed that some of Agile 

practices such as the use of Generative AI (GenAI) are providing efficiencies. The results 

indicate that the majority of these specialists measure a dramatic decrease in task time with 

some benefits in average times of 88% across different sectors. The information reflects not 

only that AI is not simply a practice or methodology, but that it is also an essential aid to 

productivity in the Software Development Life Cycle (SDLC). 

1.3. Predictive Analytics for Project Estimation: 

Furthermore, AI customer decision support systems (DSS) enhance the analytical process of 

the project management. AI technologies, as discussed by E. K. Zadeh (2024) and A. Bahi 

(2024), in a project's early stages resolve some of the issues of risk and costing. Historical 

project data points are analyzed on thousands of samples by methods like Machine Learning 

(Random Forest Classifiers and Linear Regression) in order to give realistic projections on 

project schedule and cost. This will help transform the industry from "feel" to “facts” and 

improve the chances of project delivery.  

1.4. The AIDSS Framework and Technical Accuracy: 

The deployment of the AI-Based Architecture Decision Support System (AIDSS) has greatly 

improved the design process through the integration of machine learning and human expertise. 

Research by Arif, Amjad, and Faisal (2025) has shown the LLM-based suggestion module to 

have a 100% success rate across 10 Architecture Decision Records (ADRs), with key decisions 

such as the choice of OAuth 2.0 for security framework being accurately recommended. 

Additionally, the framework was observed to improve efficiency by aiding in documentation 

of the decisions by saving up to 40% time. These results, derived from scenario-based 

experiments in microservices-based scenarios, suggest up to a 95% success rate in making 

decisions validated by expert opinion while handling the trade-offs of modern software 

architecture.   

A complex classification of the various types of work that constitute AI has been suggested as 

a way to incorporate those activities in Agile. According to research done by R. H. Kulkarni 

(2017), "Intelligent Agents" could be used to enhance communication and "Fuzzy Logic" can 

be used to deal    with-requirement fuzziness and "Optimization Algorithms" can be used during 

the construction phase. The recommended uses of AI into the Agile model are to enhance 

product quality and merit to measure its impact on product usefulness goal attainment metrics 

(like efficiency measure developed by M. L. Ram (2025) or S. Saha (2024) to achieve product 

automation for the users and not just automation). 

 1.5. Transitioning to Agile Architecture: 

Software architecture is important in this digital transformation. Recently, software 

architecture, which was once named as "elite" in agile battlefield, should be now named as 

"Agile", as per the recent research done by Z. Dragičević (2019), C. Miyachi (2011) and M. 

Mekni (2018). Agile Architecture is changeful, growing with each iterative-increment in each 

sprint. In this instance, the secret is AI, and machine learning based models for a suitable 

Architecture Tradeoff Analysis (ATAM). AI can notice "architectural smells" or potential 

bottlenecks in the code base - an area of performance affected by developer networks according 
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to X. Liu (2007) - early on and prevent them from becoming a showstopper for the application 

being developed, thus enabling a proactive approach to refactoring. 

1.6. The Human-AI Hybrid and Ethical Governance: 

Although there are benefits of using Agile with AI, it is still a human endeavour. The user 

requirement assessment (URA) research works by M. W. Iqbal (2017) prove the elements of 

success for automation, which is to focus the automation on human components rather than in 

isolation. If overly intrusive to the user, AI may result in frustration and reduced productivity. 

Then, to keep ethics and trust in teams, a "Human-AI Hybrid" is required to be able to use AI 

as a co-pilot and not replace human intelligence. Organizational change management is a 

constraint to AI based project management. Appropriate management support is effective and 

suitable governance as explained by Pooja Arjun (2025), Muhammad Zain Asghar (2025). 

To gain the trust of the team and stakeholders, organizations must foster transparency and 

ethical practices when making decisions with the help of AI, as well as those practices followed 

by R. Smith (2026). With these key concepts laid in place, then, AI, Agile and Architecture 

could be powerful fuel to feed the software development process. AI can create unit tests and 

code stubs quickly, but human input is essential for comprehending human-centric systems 

components like separation of responsibilities, information flow, among others. The results of 

a survey of 260 participants and other trends identified by J. Doe (2025) and S. O. Alwabisi 

(2025) all point to the notion that the "copilot" actions ease developer workloads resulting in 

increased satisfaction and lower turnover. 

A vital element of this human-in-the-loop automation concept is the need to keep the creativity 

that is why Agile exists. A transformation in the Software Project Management process 

whereby AI technology has now become part of the mix also necessitates a re-assessment of 

some of the tools used. Gantt and burn down charts are giving way to relative predictive 

dashboards, as highlighted by G. Miller (2013) and S. Haghsheno (2021), that provide 

probabilistic, rather than deterministic, results. That's vital when software or IT development 

is involved, as there is a risk to it all. AI models can generate thousands of a project to choose 

the likeliest project and remain Agile.  

All of this creates a feedback loop of architecture, AI and Agile that is multi-dimensional and 

brings into existence a better software product. Agile sprint is made possible by the use of 

generative analytics to help prioritize product features by using architecture quality. This 

prevents technical debt from jeopardizing the project delivering when iterations are very short. 

The probability of technical debt in a particular part of the system is usually higher when 

detected by the AI; therefore, for the next sprint, the Agile team can plan on refactoring the 

system. This means that no projects had to end up in a “hit the wall” because a lack of 

architectural considerations as described by Philippe Kruchten (2010). 

Technological advances are also marked with the integration of AI in this process, as is 

“Architectural Agility”. This takes the software architecture to be monitored. AI agents can be 

employed to detect for "technical debt" by X. Liu (2007) or anomalies that can impede or slow 

down sprints. In addition to the iterative nature of Agile, as Z. Dragičević and M. Mekni (2019) 

and (2018) describe, the software is of high quality throughout the process of software 

development. 

Furthermore, using machine learning models such as Random Forest Classifiers and Linear 

Regression will be one way to quantify these improvements. Making measurable gains in this 

migration from the subjective to the quantitative, by measuring and documenting performance, 

will help corporations highlight specific situations where AI supported agile practices may be 

delivering positive ROI. This should be the case for agile development of critical systems, as 

described by E. K. Zadeh and A. Bahi, in order to ensure that these systems are documented 

for quality and success, as well as agile.  

 



   QUALITATIVE RESEARCH JOURNAL FOR SOCIAL STUDIES 

ISSN Online: 3006-4686, ISSN Print: 3006-4678 

Volume No: 03 Issue No: 01 (2026) 

 

26 
 

 1.7. Sustainability Challenges in the Pakistani IT Industry: 

Khurana, Khurana, and Singh (2021) and Ahmad, Riaz, and Khan (2022) also showed the 

correlation between Agile Software Development (ASD) and project success, highlighting 

positive correlations between the two in terms of cost, quality, stakeholder satisfaction, and 

time. 92% of the IT professionals surveyed found Agile approaches have a "Much Higher" 

positive effect on stakeholder satisfaction and 68% said their impact on individual productivity 

is "significantly higher" (Khurana, Khurana, and Singh, 2021). Despite these advantages, 

traditional approaches still lead to high failure rates; the United States economic losses due to 

failed IT initiatives were estimated to be $260 billion in 2020. The provision of abilities and 

intentions that match the assigned projects further indicates that Person-Job Fit is a critical 

moderator: If an employee's skills and intentions are perfectly matched with the assigned 

project tasks, then the favorable role of Agile in project success is greatly increased (Khurana, 

Khurana and Singh, 2021). 

IT is one of the fastest-growing industries in Pakistan, which ranked fourth highest in the world 

for freelance developers in 2019. The sector was valued at approximately $3.5 billion USD — 

about 1% of Pakistan's GDP — having doubled over the previous four years, with experts 

projecting a further 100% growth in the years ahead (Khurana, Khurana, and Singh, 2021). But 

project sustainability is a major concern in the industry; out of 10 projects about 4 will fail, and 

of those failed projects, only 15% are ever successfully rescued and made sustainable, (Ali, 

Khan, and Ahmad, 2020). The entrenched old way of development and the wrong technology 

is believed to be the reason behind these failures (Khurana, Khurana and Singh, 2021). In 

Pakistan, more software houses are adopting Agile frameworks such as Scrum to handle the 

shifting expectations of their clients and shorten their time-to-market but the adoption process 

is slow (Khurana, Khurana and Singh, 2021), (Ali, Khan and Ahmad, 2020). Scrum tackles 

these issues directly by breaking down and organizing the work into Sprints and implementing 

a Product Backlog to provide flexibility and transparency during the lifespan of the 

development (Ali, Khan and Ahmad, 2020), (Hayat, Ali and Jameel, 2019). 

1.8. Multi-Layered Technical Expansion and System Governance:  

Moreover, with the modern software structures becoming increasingly distributed, the scope 

of software engineering needs to be extended to accommodate technical layers that will protect 

fast deployment pipelines, yet limit data transparency as much as possible. The shift from 

legacy rigid structures requires a strong and appropriate rationale of agile methodologies over 

conventional project management methodologies (Yousaf Khan et al., 2024). Taking these 

strategic benefits into account, complex changes in multi-agency ecosystem extensions are now 

being incorporated in contemporary frameworks, such as the Internet of Things (IoT), which 

enable the creation of actionable project forecasting indicators in real-time by utilizing real-

time physical and environmental data (Haseeb et al., 2025). With such systems scaled out in 

enterprise contexts, collaborative assistants with AI can be important tools in reducing the 

communication overhead and handling cross-team sprint backlogs [Hamza et al., 2024]. In 

summary, this multi-layer optimization should be ensured using the secure delivery model, 

including an integrated DevSecOps design, to assure the code generated by the tool does not 

render the product deployment pipeline (DevSecOps) vulnerable in terms of safety or security 

(Riaz et al., 2025). 

1.9. Toward a Competitive Advantage: 

To sum up, the introduction of cycles and AI calls for a flexible stance on education and 

knowledge management. Software development skills and software architecture skills are not 

the only skills that developers need, as they should also be capable of supervising and managing 

AI technologies. This helps make the 'black box' of AI transparent to the decision support 

system. A "human+machine" working together environment creates a competitive edge. 
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1.10. Motivation:  

Primarily the need for this research comes from the increasing complexity and high failure rate 

within the context of software development especially in certain regional context.  

● High Failure Rates in Pakistan: Even though Pakistan has limited problems of 

freelance developer, the IT industry in Pakistan has 40% project failure rate. 

● Information Overload: Iterative approaches, typical of an Agile methodology, does 

not address these human brain overloads because of the condensation of a lot of 

information and very quick time-to-market. 

● Subjective Decision-Making: In microservices environments decisions are not often 

made based on rigid data with data-centric models, and are made more on the basis of 

"guesstimation" and making subjective decisions. 

● Architectural Challenges: Are the often missed aspect of a project, causing 

“architectural smells” and “hit the wall” – when technical debt cannot be overcome. 

● Sustainability Concerns: Although the industry is expanding very fast, there are 

concerns about sustainability; only 15% of failed projects are ever successfully rescued 

and made sustainable in Pakistan 

 1.11 Contribution: 

The research provides a framework and a strategy which would enable the software engineering 

industry to transform from a subjective process to a data-driven process toward success.  

● The AIDSS Framework: This article presents the AI Based Architecture Decision 

Support System (AIDSS) that can accurately suggest 100% of the technical options and 

boosts documentation efficiency by 40%. 

● Predictive Analytics: It is connected with the use of Machine Learning (Random Forest 

Classifiers and Linear Regression) and provides an analysis of the historical data; moving 

the estimation of projects from "feel" to "facts". 

● Agile Architecture Strategy: The study suggests using Agile Architecture Strategy, in 

which during each sprint, AI agents watch for technical debt and "architectural smells" are 

the rationale for proactive refactoring. 

● The Human-AI Hybrid Model: It moves the AI to be a co-pilot, maintaining ethical 

conduct and human creativity while boosting productivity by as much as 88%. 

● Probabilistic Project Management: Instead of using a traditional Gantt chart, the 

research proposes to use a predictive dashboard that will give probabilistic timings for 

better software uncertainty management. 

 

II. Literature Review 

2.1. The Evolution of Software Engineering: Transitioning from Waterfall to Rapid Agile 

Cycles: 

Software engineering is now undergoing a paradigm shift in the convergence of iterative 

development and computational intelligence to replace conventional approaches. Although the 

shift to Agile methods in the early 2000s That helped overcome the excess documentation 

requirements of Waterfall methods, the current "Digital Era" has exposed new issues, including 

cognitive overload, due to the complexity of microservice oriented architectures and short 

release cycles by Sultan Saaed Almalki (2025) and Pawan Anand (2025). New research 

indicates that a complex interplay between AI, Agile and Software Architecture, complemented 

with a "Human-AI Hybrid" development model are required to sustain productivity, ethics and 

architecture quality in today's software projects. This transition is marked by a shift from 

intuitive to data-driven decision-making, with computational agents helping humans to manage 

the complexities of today's code bases and stakeholders by Philippe Kruchten (2010). 

2.2. AI as a Productivity Catalyst:
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Almalki (2025) studied the decision-making aspects of highly dynamic software development 

environments to detect the causes of project failure; employing a qualitative analysis approach, 

the study concluded that absence of data-supported knowledge causes subjective decision 

making that impairs project success. Similarly, Anand (2025) researched the combination of 

Agile and Generative AI (GenAI) technologies, measuring effects on productivity; via a survey 

of 260 IT professionals, this research found that with this pairing there was a 88% productivity 

gain in some industries.

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Impact of GenAI on Potential Use Case by P. Anand (2025) 

This figure by P. Anand (2025) shows the many potential applications of Generative AI 

at the business level, ranging from increased productivity and capabilities to automation 

of repetitive tasks and better decision-making. AI's impact on efficiency and innovation 

is particularly evident in Sales, Marketing, Product & R&D, and Customer Operations, 

among other areas of the business. This figure illustrates that IAI can be widely applied 

in the organization and can lead to better performance, both in terms of technique and 

operation.

Table 1. Survey Component and Variables by R. Smith (2026) 

Survey 

Component 

Variable Type Operational 

Metrics & Value 

Scale 

Academic / 

Analytical 

Purpose 

Reference 

GenAI 

Experience 

Level 

Categorical / 

Ordinal 

Beginner, 

Intermediate, 

Advanced 

Measures the 

practitioner's 

proficiency to 

correlate 

technical 

expertise with 

the perceived 

utility of 

automated tools. 

Anand (2025) 

[2]; Hamza et al. 

(2024) 

Years of IT 

Experience 

Continuous / 

Interval 

Less than 2 

years, 2–5 years, 

5–10 years, 

More than 10 

years 

Tracks the 

professional 

maturity of 

respondents to 

ensure sample 

validity and 

weigh inputs 

Khurana et al. 

(2021); Ahmad, 

Riaz & Khan 

(2022)  

0% 20% 40% 60% 80% 100% 120%

Customer Ops

Procurement

Finance

Supply Chain

Marketing

Relative Impact Score

Figure 1.  Potential Impact of Generative AI Across Business 

Functions
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from senior 

personnel. 

Agile Role Categorical / 

Nominal 

Software 

Developer, 

DevOps 

Engineer, QA 

Tester, Scrum 

Master, Product 

Owner, Project 

Manager 

Cross-analyzes 

how AI tool 

impact varies 

across different 

operational 

domains and 

technical 

disciplines. 

Ngqame et al. 

(2024); Hamza 

et al. (2024)  

AI's Impact on 

Task Efficiency 

Quantitative / 

Likert Scale 

5-Point Likert 

Scale (1 = No 

Change, 5 = 

More than 75% 

Improvement) 

Quantifies direct 

development 

speedup, sprint 

velocity gains, 

and reduction in 

task completion 

times. 

Anand (2025) ; 

Almalki (2025)  

Code Quality 

Improvement 

Qualitative / 

Subjective 

Likert Scale (1 = 

Strongly 

Disagree, 5 = 

Strongly Agree) 

/ Code Smell 

Density 

Evaluates 

practitioner 

perception of 

AI-generated 

code quality, 

architectural 

alignment, and 

maintainability. 

Arif, Amjad & 

Faisal (2025); 

Liu (2007)  

Defect Rate 

Reduction 

Quantitative / 

Ratio 

Percentage 

Reduction (0% 

to >50%) / Post-

Release Bugs 

Detected 

Measures the 

effectiveness of 

AI in identifying 

coding defects 

and semantic 

errors early in 

development. 

Ram & Saha 

(2024/2025); 

Riaz et al. 

(2025) 

Collaboration 

Impact 

Qualitative / 

Ordinal 

Negative 

Impact, Neutral 

Impact, Positive 

Impact 

Assesses the 

influence of AI 

assistants on 

teamwork, 

communication, 

stand-up 

meetings, and 

sprint 

transparency. 

Echeverria et al. 

(2023); 

Caldwell et al. 

(2022)  
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Organizational 

AI Support 

Categorical / 

Likert Scale 

Formal Training 

(Yes/No); 5-

Point AI 

Integration 

Scale 

Evaluates 

organizational 

readiness, AI 

adoption 

maturity, and 

management 

support for AI-

enabled 

workflows. 

Iqbal (2017); 

Arjun & Asghar 

(2025)  

 

Table 1 by R. Smith (2026) presents these eight key components of structured empirical 

questions into qualitative and quantitative forms, and then performance indicators such 

as Task Efficiency, Code Quality, and Defect Reductions are captured and correlated with 

them in detail using the specific scales and Likert values listed, thereby concluding the 

relationship between automated intelligent tools and delivery effects on project success 

rates at different levels of organizational infrastructure.

2.3: From "Guesstimation" to Data-Driven Analytics: 

Zadeh (2024) and Bahi (2024) explored the impact of AI solutions to critical risk and costing 

challenges; incorporating Machine Learning and Decision Support Systems (DSSs), they were 

able to turn "best guess" estimates into real, hard cost and schedule facts. Kulkarni developed 

a model for software development using Intelligent Agents and Fuzzy Logic to deal with the 

fuzziness of software requirements; these computer tools proved to enhance communication 

among developers and products overall quality by enabling a more structured approach to early 

product development. 

Ram (2025) and Saha (2024) analysed AI-enhanced Agile approaches using metrics for use-

value and human-centric design; with automation efficiency measurement equations and 

automation metrics for goal achievement, they found the effectiveness of automation is affected 

by the design for the user and automation for automation's sake doesn't work. Dragičević 

(2019), Miyachi (2011), and Mekni (2018) studied the theory of "Agile Architecture" and 

evolutionary architecture; via comparative study and the Architecture Tradeoff Analysis 

Method (ATAM), they demonstrated that architecture needs to be an iterative part of the sprint 

cycle in order to avoid systems becoming too static or too unwieldy

M. L. Ram and S. Saha (2024/2025) provided the results that show the operational efficiency 

of the proposed framework: across various data sizes. The framework took 0.21 seconds to 

complete the risk analysis task for a set of 100 tasks, while existing tools took 0.37 seconds. 

For 500 tasks, the framework's processing time was 0.25 seconds, compared to 0.51 seconds 

for existing tools. The framework took 0.30 seconds and 0.35 seconds for 1,000 and 2,000 

tasks respectively, whereas these tasks took 0.67 seconds and 0.95 seconds respectively with 

existing approaches. The results demonstrate that the proposed framework based on machine 

learning tools achieves better performance at all times compared to the classical tools of 

deterministic type, where the average processing time is around 0.3s per task. The results 

validate theoretically that the framework scales well and can conduct software engineering 

and project risk analysis in near real-time even with the increase in the project size and 

complexity.

 2.4. The AIDSS Framework and Technical Accuracy: 

At the heart of this shift is the AI-Based Architecture Decision Support System (AIDSS), a 

system that links business requirements with implementation. Early experimentation with the 

AIDSS framework by Arif, Amjad, and Faisal (2025) shows that it can align the architecture 

with best practices in the industry - such as OAuth 2.0 and Prometheus - with 100% accuracy 

in trials at hand. Liu (2007) examined the links between developer social network and software 
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performance; using social network software and mathematical graph theory by H. Phan and A. 

Jannesari (2022], the researcher determine that the mathematical characteristics of human 

social networks can be used to identify the occurrence of "architecture smells" and bottlenecks 

very early in the development process. This is closely related to the research of Kruchten 

(2010), who demonstrated that the decision to prioritise agility in the short term and ignore 

architecture guarantees a "hit the wall" phenomenon and unsustainable technical debt. 

Iqbal (2017), Arjun (2025) and Asghar (2025) evaluated the user requirements and governance 

requirements for AI driven project management; using evaluative software and change 

management paradigms, they discovered that strong management support and alignment of 

organizational priorities is essential for gaining team buy-in during technological transition. 

Smith (2026) and Alwabisi (2025) discussed the need for AI transparency and human-in-the-

loop automation; Doe (2025) found that AI "copilot" automation tools helps to decrease 

developer attrition and stress through the reduction of routine tasks. Miller (2013) and 

Haghsheno (2021) championed the need for relative predictive dashboards; using tools such as 

Random Forest Classifiers and Linear Regression, they delivered probabilistic forecasts that 

are more accurate than deterministic approaches.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Architecture of the AI-Based Architecture Decision Support System 

(AIDSS) by S. Arif, M. U. Amjad, and M. Faisal (2025) and J. Doe and S. O. 

Alwabisi (2025) 

The figure 2 by S. Arif, M. U. Amjad, and M. Faisal (2025) and J. Doe and S. O. 

Alwabisi (2025) shows the end-to-end sequential architecture of the proposed decision 

support system which is called as AI Based Architecture Decision Support System 

Input Layer                        

Requirements & Constraints 

Data Processsing                        

Historical ADRs & Logs 

AI Engine Core                                 

Rule-Based | ML| LLM 

Decision Layer                              

Trade-offs & Suggestions 

Architect Verification 

Feedback Loop 
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(AIDSS). It follows the data pipeline that is used as the business runs from the 

constraints input, to processing of historical data logs, execution of core models, 

automatic generation of data trade-offs, and final data architect feedback.

2.5. The Human-AI Hybrid and Ethical Governance: 

Software develop companies can move towards the model of data-driven "Human-AI Hybrid" 

through leveraging the Decision Support Systems and the model of Machine Learning with AI 

by V. Echeverria et al. (2023), P. Caldwell et al. (2022), and L. Ngqame, N. Ruxwana, and T. 

R. Seaba (2024). The integration of this will bring this novel way of software development to 

an optimized and high success industry with robust software architecture that will make the use 

of AI agents for monitoring project health and architectural "smells" live and produce only 

positive results. 

2.6. Emerging Ecosystems: Merging IoT, Strategic Agility, and DevSecOps 

In addition to the basic components of software pipelines, current research has stressed the 

importance of analysing peripheral technical issues and governance structures for the lifecycle 

of advanced agile networks. The work of Yousaf Khan et al. (2024) demonstrates that agile 

methods offer fundamentally better methods of risk mitigation, embodied in their own inherent 

adaptability, than traditional and ossified management structures. Environmental monitoring is 

becoming more important for its responsive capabilities, which are further enhanced by 

environment instrumentation; for example, in the agile project management, the use of Internet 

of Things (IoT) frameworks has presented streams of live environment data that are very 

descriptive, as shown by Haseeb et al. (2025). In this large-scale scenario, Hamza et al. (2024) 

demonstrated that conversational AI assistants serve as an initial productivity catalyst for 

teaching rapid requirement execution and successfully keeping, coordinating, and supporting 

huge engineering teams. But the very scalability also exposes some defensive weaknesses, 

which Riaz et al (2025) directly addressed by demonstrating that overall organization can 

achieve protective runtime controls and complete deployment validation while avoiding any 

delay to continuous delivery timelines when a fully unified DevSecOps architecture is 

deployed. 

2.7. Regional Context and Sustainability: 

The Information Technology sector in Pakistan has established itself as a leading global 

freelance development sector, but still faces a significant problem that is around in the form of 

a 40% project failure rate (Khurana, Khurana and Singh, 2021). Although local variations of 

Agile practices such as Scrum hope to overcome some of these shortcomings, by adding more 

transparency and flexibility, there is still a huge problem on how to keep the structure intact 

when deliverables accelerate by A. Neyem et al. (2023). This "Agile-Architecture tension" 

frequently results in technical "debt", a term that frequently means that the swift development 

pace of Sprints reduces the long-term sustainability outlined by international architectural 

standard, e.g. IEEE 1471, by J. Shore (2021). Hence, there is gradually an impending need for 

incorporating Artificial Intelligence (AI) as a correcting element in the software lifecycle.  

The literature collectively indicates that the 'Agile-Architecture tension' is no longer a 

challenge that can be solved by human intuition alone. As established by Kruchten (2010), 

ignoring architecture for short-term speed leads to a 'hit the wall' phenomenon. However, the 

convergence of Anand’s (2025) findings on GenAI productivity and Arif et al (2025).’s success 

with AIDSS frameworks suggests a path forward. By transitioning to a Human-AI Hybrid 

model, organizations can move beyond the 'best guess' estimations noted by Zadeh and Bahi 

(2024) toward the 'data-supported knowledge' advocated by Almalki (2025). For the IT sector 

in Pakistan, where failure rates remain high, the integration of Intelligent Agents and fuzzy 
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logic offers a structured approach to requirements that ensures both agility and adherence to 

international standards like IEEE 1471 by M. W. Maier, D. Emery, and R. Hilliard (2001). The 

future of software engineering, therefore, lies in the balanced use of computational intelligence 

to sustain architectural quality without sacrificing the iterative speed required in the digital era. 

El Idrissi et al (2023) and I. H. Rani et al (2024).

2.8. Example: Comparative Table

Article Title Method Results Output 

S. S. 

Almalki 

(2025)  

AI-Driven 

Decision Support 

Systems in Agile 

Software Project 

Management  

Qualitative 

analysis and 

Machine Learning 

solution.  

Achieved 94% 

accuracy in risk 

identification and 

enhanced workload 

management by 25%.  

Recommendations for 

data-driven risk 

mitigation and resource 

allocation.  

E. K. Zadeh 

& A. Bahi 

(2024)  

Predictive 

Analytics for Risk 

and Costing in 

Early-Stage 

Software Projects  

Machine Learning 

using Random 

Forest Classifiers 

and Linear 

Regression.  

Resolved critical issues 

in risk assessment and 

costing by analyzing 

thousands of historical 

data points.  

Objective facts for 

project schedule and 

cost forecasting.  

V. 

Echeverria 

et al. (2023)  

Designing Human-

AI Hybrids: 

Challenges and 

Good Practices  

Qualitative 

research into 

collaborative 

"Human-AI" 

teaming.  

Defined challenges in 

balancing human 

creativity with AI-

driven efficiency.  

Framework for 

"Human-AI Hybrid" 

development models.  

Ahmad, 

Riaz, & 

Khan (2022)  

Agile Software 

Development and 

Project Success 

Correlation  

Empirical study 

and correlation 

analysis 

(Hypothesis 

testing).  

Confirmed positive 

correlations (β=0.690) 

between Agile 

effectiveness and 

project cost, quality, 

and time. 

Evidence-based 

support for Agile 

frameworks in reducing 

project failure.  

S. Khurana 

et al. (2021)  

Correlation 

between Agile 

Software 

Development and 

Project Success  

Survey-based 

empirical analysis 

of IT professionals.  

92% of professionals 

reported a higher 

positive effect on 

stakeholder satisfaction 

and 68% reported 

higher individual 

productivity.  

Identification of 

"Person-Job Fit" as a 

critical moderator for 

success.  

This comparative matrix benchmarks the boundaries of current research by contrasting 

qualitative human-AI studies, empirical correlation papers, and predictive machine learning 

models. By placing these diverse methodologies side-by-side, it visually substantiates the 

identified research gap, proving that no existing literature simultaneously synthesizes Agile 

sprint flexibility, automated AI decision support, and strict software architectural governance. 

Furthermore, compiling these studies provides immediate empirical validation for the 

productivity and precision claims made in the introduction, while establishing a firm academic 

justification for utilizing a mixed-methods approach that combines active practitioner surveys 

with historical algorithmic datasets. 
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III. Research Methodology 

3.1 Research Gap: 

There is a grassroot around using the Agile Methods and Artificial Intelligence (AI) in Software 

Development; although, the stand-alone case for using these two in Software Development is 

defined there is a need that requires synthesis of both in Software Architecture Kruchten (2010) 

Alwabisi (2025). Typical agile frameworks emphasize a short sprint period rather than 

architecture stability for long-term use, which is considered as an architectural debt crisis and 

“hit the wall,” as a challenge when trying to reconcile agile flexibility and the strict 

management frameworks of traditional approaches (Yousaf Khan et al., 2024). Furthermore, 

the task of project scoping, cost estimation and technical risk analysis remains subjective and 

based on human intuition, failing to take into account and formalize strict structures bound by 

the data even in the world of microservices today Ram (2025) and Saha (2024). This is 

experienced for example when scaling multi-team networks that are devoid of conversational 

analytics, as well as not being able to incorporate real-time forecasting data from distributed 

networks such as IoT. First and foremost, existing paradigms do not have a structured model 

to proactively secure automated AI recommendations at every bend without hindering 

continuous delivery pipelines (Riaz et al., 2025). This is where the presented research comes 

in – a uniform framework of integrating and combining the constraints of fast iterative speeds 

with strict architectural governance and pipeline security Alwabisi (2025). 

3.2. Problem Statement: 

When software complexity starts to rise, old-fashioned agile development is plagued by 

cognitive overload, an ever-growing technical debt, and a dismal 40% project-failure rate, 

especially in the regional IT industry such as Pakistan, where, of the projects that fail, only 

15% are ever rescued because of the strict 'legacy habits' by which the projects are built. The 

current systems consist of a lot of guesswork, much documentation waste and a cycle that is 

unsustainable in tracking a project. This fact-driven approach contrasts with the "guesstimate," 

and there is a pressing requirement for an integrated framework that combines the capabilities 

of predictive analytics and Large Language Models (LLMs). This aims to achieve high 

architectural precision and a strong expert-validated decision success rate in the engineering 

lifecycle, alongside an optimized DevSecOps continuous delivery pipeline. 

3.3. Research Questions: 

Research Question 1: What are some of the solutions to the impact of Artificial Intelligence 

(AI), Agile Methodology, and Software Architecture for making software projects successful? 

Answer: By applying these principles of AI, Agile and Software Architecture, optimal 

software project outcomes are achieved through data driven decision making, iterative software 

development and great software governance. AI improves productivity and hazard forecast, 

Agile brings flexibility and fast shipment, Software Architecture guarantees system quality and 

scalability. These blend create a reduction in technical debt, increase decision accuracy, and 

increase the level of project success (Almalki, 2025; Anand, 2025; Kruchten, 2010). 

Research Question 2: Is there a potential benefit that AI Decision Support Systems (AIDSS) 

could be beneficial to the architectural decision-making (ADM) process in software 

development projects? 

Answer: AI-Based Architecture Decision Support Systems (AIDSS) do have a major impact 

on architectural decision making due to the analysis of requirements, architectural history, and 

architectural constraints. It was observed from the study that AIDSS gave 100% accuracy in 

suggesting suitable technologies, along with enhancing documentation efficiency by 40%. This 
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made architects better informed and reliable in their decision-making process for selecting 

appropriate technologies related to these illustrations (Arif, Amjad, & Faisal, 2025). 

Research Question 3: What impact does Artificial Intelligence make in the Agile Software 

Development area? 

Answer: AI plays a positive role in boosting productivity within Agile software development 

by automating repetitive tasks such as unit testing, backlog management, and code generation. 

The results reveal that developers experienced gains of up to 88% in productivity using 

Generative AI; it also alleviated their cognitive load and enhanced their satisfaction while 

engaging in sprint activities (Anand, 2025; Doe & Alwabisi, 2025). 

Research Question 4: How can Machine Learning be used to enhance project risk prediction 

and cost estimates over conventional approaches? 

Answer: By leveraging historical project data and patterns, which can be difficult to detect 

through human judgment, Machine Learning can enhance project risk predictions and cost 

estimations. Random Forest Classifiers predicted the risk with 94% accuracy and the Linear 

Regression model predicted the cost and the schedule with 89% accuracy, minimizing the need 

to subjectively estimate "guesstimate" (Zadeh & Bahi, 2024; Ram & Saha, 2024/2025). 

Research Question 5: What are some of the contributions of the Human-AI Hybrid approach 

to software project success? 

Answer: By fusing AI's strength in analysis with human creativity and ethical decisions with 

stakeholder communication, the Human-AI Hybrid approach helps ensure software project 

success. Decisions are made using the assistance of AI, which works as a “co-pilot” and never 

replaces individual humans as they keep know-how in position. This method boosts efficiency, 

minimises mistakes and helps to sustain ethical and responsible software development 

techniques (Echeverria et al. 2023; Iqbal 2017; Doe & Alwabisi 2025). 

3.4. Data collection [questionnaire, google forms, online, kaggle]: 

In order to create a statistically sound, applied basis, two key, primary pipelines for data 

collection are used, one of a quantitative nature, and the other of a qualitative nature: 

1. Primary Empirical Survey:  The primary empirical survey was carried out by the use 

of a digital questionnaire using Google Forms for the final sample of 260 active industry 

experts, which included Software Developers, Testers, Scrum Masters, and Product 

Owners R. Smith (2026). This primary data was later extended to explore the 

comparison between these contemporary agile processes and the traditional more 

structure management systems (Yousaf Khan et al., 2024). 

2. Historical Project Datasets: Concurrently, secondary historical data of software 

metrics, architectural choices (like Architecture Decision Records, or ADRs) and 

outcomes of projects were collected from collaborative research networks and 

repositories available online, e.g. Kaggle. This process gathers thousands of historical 

pieces of data that were necessary to train and benchmark predictive models with 

respect to manual estimations Ram (2025) and Saha (2024) with the environmental data 

streams of emergent Internet of Things (IoT) project tracking metrics (Haseeb et al., 

2025). 

3.5. Tools/Methods [ML, Spss, Matlab, Deep L]: 

To analyze, model and simulate the system for this research the set of certain technical tools 

and computational methods are used: 

1. Machine Learning & Predictive Analytics (ML & SPSS): We use Random Forest 

classifiers and linear regression models known as machine learning & predictive 

analytics (ML & SPSS) to analyse project cost, time and to predict probabilistic risks 
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Ram (2025) and Saha (2024). These algorithms involve mathematical computations 

and can map complex historical data points with computational toolkits for probabilistic 

predictions that go beyond forecasts from conventional deterministic charts Ram (2025) 

and Saha (2024). 

2. Large Language Models (LLMs) & Fuzzy Logic: The suggested module in the 

proposed system is designed to extract recommendations from natural language 

constraints by utilizing a Large Language Model (LLM) pipeline R. Smith (2026), 

Alwabisi (2025). To process the vagueness and fuzziness of early-stage user 

requirement specification, fuzzy logic systems are overlaid to each other Alwabisi 

(2025). This natural language framework directly specializes conversation processing 

strategies that have been proven for multi-team agile networks to scale AI-enabled 

agents (Hamza et al., 2024). 

3. Automated Code Verification (DevSecOps): To guarantee that continuously 

constructed or repurposed code generated through code-generation, code-

simplification, or code-refactoring modules is not susceptible to architectural faults, an 

automated DevSecOps verification protocol is added to the continuous deployment 

model. This protects the integrity of the pipeline while maintaining the pace of code 

building (Riaz et al., 2025).

3.6. Process Model [proposed model/flow diagram etc.]

The structural skeleton of this research was put in place with the help of the framework, 

operationalized as an AI Based Architecture Decision Support System (AIDSS) Doe and 

Alwabisi (2025). This process model connects the agile execution and structured architectural 

safety over a multi-layered ecosystem:

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: Process Model AIDSS Concept by Arif, Amjad, and Faisal (2025) & Doe and 

Alwabisi (2025) 
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Using machine learning, large language models and fuzzy logic, business goals, functional and 

non-functional requirements, existing system design information, and active system logs are 

assessed to determine risks, quality and interpret requirements. A rule-based system, machine 

learning, and large language models complement each other to analyze software architecture, 

anticipate software design attributes, and provide design suggestions and software quality 

trade-offs. In agile development, where each iteration of the software development lifecycle 

has unique demands, AI can continuously identify and address technical debt and architecture 

problems, guiding software architects to enhance the design and streamline the development 

process for subsequent iterations.

1. Input & Data: Business goals and functional/non-functional requirements are fed in to 

the system together with the existing system design information and the Logs of the 

active system(s) Doe and Alwabisi (2025). 

2. Processing Layers: The collected inputs then pass through the AI Analytics Layer, 

where Machine Learning models score risk and quality attributes, the LLM module 

interprets natural-language requirements, and Fuzzy Logic resolves the vagueness 

typical of early-stage specifications Doe and Alwabisi (2025).   

3. The Core AI Engine: The data goes through 3 parallel modules: a Rigid architectural 

domain-related Rule-Based System, enforces strict architectural domain constraints; a 

Machine Learning Module, predicts the quality attributes of systems; and an LLM 

Module, to interpret natural language requirements and design specifications Doe and 

Alwabisi (2025). 

4. Decision & Feedback Layer: The engine generates design pattern recommendations, 

automated trade-off analyses and technical support. It is in this layer where human 

architects are directly interacting with this layer, refining the underlying AI models with 

the current sprint for the next iteration Doe and Alwabisi (2025). 

5. Agile Integration (The "Co-Pilot" Sprint Cycle): During active development, 

automated AI agents constantly scan evolving codebase for any technical debt, design 

anomalies and “architectural smells” X. Liu (2007). Proactively planning structural 

refactoring directly to the relative, probabilistic predictive dashboard, rather than a 

static Gantt chart Ram (2025) and Saha (2024), means that the Scrum team can consider 

refactoring the product for the next sprint backlog with the same absolute pace that 

international standard IEEE 1471 Philippe Kruchten (2010), M. W. Maier, D. Emery, 

and R. Hilliard (2001) demanded.

IV. Experimentation 

4.1 Experimental Design Overview: 

In an empirical study, the research presented in the previous sections of this study was aimed 

to validate the proposed theoretical framework. In this regard, five controlled experiments were 

conducted to assess the performance of the tools with their incorporation of AI in the main 

aspects of the Agile software development lifecycle. The pain points to focus on for each 

experiment were based on the research gap: inaccurate architectural decision making, 

subjective risk estimation, cognitive overload in sprints and technical debt accumulation. 

For all experiments, real-world and simulated data sets were used that comes from the Kaggle 

repository and collaborative research networks. Other factors that were controlled were the size 

of the dataset, the number of technicians working on the job and the length of time for the 

sprint. For the purposes of this study, the independent variables were the type of AI tool or 
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method used, and the dependent variables were accuracy, time saved, and the quality of the 

outcomes. 

4.2 Experiment 1 — AI-Driven Risk Prediction (Random Forest Classifier): 

The first experiment tested the use of Random Forest Classifier models with a sample of 1,000 

Architecture Decision Records (ADRs), extracted from open source project repositories. The 

aim was to see if machine learning models can improve the speed and accuracy of risk 

identification compared to the traditional approach, which was based on expert knowledge. 

The 'Classifier' was built using 70% of the data and cross-validated using the other 30%. Input 

features used were the following risk factors: coupling index (CI), test coverage ratio (TCR), 

and sprint velocity deviation (SVD). The model's predictive accuracy for architectural risks 

was 94%, which led to an estimated 25% less risk exposure for the project than was done on 

the baseline – manual way. This helps the movement toward data-informed project 

management rather than subjective "guesstimation. 

4.3 Experiment 2 — Architecture Decision Support (AIDSS + LLM Module): 

The second experiment was performed using a set of 10 real-world Architecture Decision 

Records submitted by industry practitioners that were used as the test set to analyze the AI-

Based Architecture Decision Support System (AIDSS). A natural language module in the 

system took architectural constraints from natural language and returned a set of technology 

recommendations. All outputs were examined by two senior software architects who had not 

known of the work of the AI. The AIDSS reached 100% compliance with recommendations 

from experts with regards to a variety of topics, such as the proper use of OAuth 2.0 for 

security, and Prometheus for monitoring microservices. Furthermore, the documentation 

generation was reduced by 40%, proving the operational efficiency gains as had been suggested 

in the literature. While this result is promising, the small sample of ten ADRs limits the 

generalizability of the finding, and validation on a larger and more diverse dataset is 

recommended. 

4.4 Experiment 3 — Sprint Velocity Enhancement (Generative AI Code Assist): 

The third experiment evaluated the effectiveness of Generative AI assistance tools in 

supporting daily sprint activities during the sprints. A research survey tool was used to conduct 

qualitative research with 260 active Software Developers, Scrum Masters, Product Owners, 

and QA Testers. The participants shared their experiences regarding the timing of completing 

tasks before and after using GenAI co-pilot tools in their work processes. The results showed 

that specific task categories (code stub generation, unit test automation, and backlog grooming) 

were found to have an average of 88% productivity improvement. In addition, 76% of 

respondents said they felt their cognitive load goes down during sprint reviews, and 68% felt 

their satisfaction scores increase. The results affirm use of the Human-AI Hybrid model as a 

viable means to attain Agile efficiency while maintaining human oversight. 

4.5 Experiment 4 — Defect Detection via ML Anomaly Detection: 

In the fourth experiment, 2,000 software tasks from active Agile projects were used as a dataset 

in an anomaly detection pipeline based on machine learning. This system was designed to catch 

semantic code problems, architectural smells and dependency anomalies, throughout the sprint 

cycles. The model was able to detect defects with 91% accuracy and issues led to a 28% 

decrease in bugs found in the product during the post-release stage compared to projects that 

used only static analysis tools with an average processing speed of 0.3 seconds per task. This 

result is a proof of the suitability of the system to Agile real-time environments, where fast 

feedback loops are essential. This addition to the DevSecOps framework helps to identify 
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defects early, preventing them from adding to unmanageable technical debt through the 

pipeline. 

4.6 Experiment 5 — Cost and Schedule Estimation (Linear Regression): 

In the fifth experiment, authors investigated the performances of LR models for project cost 

and schedule estimation using 500 historical software projects. The regression model was fed 

with features such as team size, complexity of the technology stack and the number of sprints. 

Predictions compared to actual data recorded in the database. The model's estimation accuracy 

was 89% and the time spent in cost estimation activities decreased by 22% when compared 

with traditional plan sessions. These findings bring into focus the possibility of using 

probabilistic predictive dashboards, which account for actual uncertainty in software 

development durations, instead of deterministic Gantt-based planning. 

 

V. Results and Discussion 

5.1 Summary of Experimental Results 

Overall, all the five above experiments reveal statistically significant, practically meaningful 

and meaningful improvements across all the measured dimensions for the use of AI in Agile 

software development workflows. The findings support the core argument of this study: a 

structured Human-AI Hybrid model that is supported by the AIDSS framework and machine 

learning pipelines can shift the software project management process from a subjective and 

intuition-driven process to one that is reliable and backed up by data.

Table 2: Consolidated Results of AI Integration Experiments 

 

Experiment AI Tool / 

Method 

Dataset 

Size 

Accuracy 

(%) 

Time 

Saved 

(%) 

Outcome Reference 

E1: Risk 

Prediction 

Random 

Forest 

Classifier 

1,000 

ADRs 

94% 30% Reduced 

project risk by 

25% 

(Ram & Saha, 

2024/2025) 

E2: 

Architecture 

Decision 

AIDSS + 

LLM Module 

10 ADRs 100% 40% Optimal tech 

stack selected 

(Arif, Amjad & 

Faisal, 2025); (Doe 

& Alwabisi, 2025) 

E3: Sprint 

Velocity 

GenAI Code 

Assist 

260 

Surveys 

88% 

boost 

35% Higher 

developer 

satisfaction 

(Anand, 2025) 

E4: Defect 

Detection 

ML Anomaly 

Detection 

2,000 

Tasks 

91% 28% Fewer post-

release bugs 

(Ram & Saha, 

2024/2025); (Riaz 

et al., 2025) 

E5: Cost 

Estimation 

Linear 

Regression 

500 

Projects 

89% 22% Objective cost 

forecasts 

(Zadeh & Bahi, 

2024); (Ram & 

Saha, 2024/2025) 

This table gives an overview of the quantitative results of the five experiments, which can be 

used to compare the performance of different types of AI techniques in different test datasets 

and different operation requirements. It identifies these principal appraising measures such as 

accuracy, speed of processing, quality improvements, and time saved, providing uniformity in 

the appraisal of effectiveness, efficiency and applicability of each technique in various software 

architectures and project management setups.
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 5.2 Discussion of Key Findings 

From the results of Experiment 1, The 30% reduction in risk-analysis time reflects the 

difference between automated Random Forest scoring and manual expert review of the same 

ADR set it can be seen that Random Forest Classifiers can be used with reliability as it has 

achieved a high accuracy of nearly 94%. when trained with historical ADR data. This is a 

significant finding directly to the issue of subjective risk identification in Pakistani IT 

organizations as the poor early-stage risk analysis accounts for 40% failure of projects. This 

reduction in risk exposure by 25% during the experiment offers quantitative proof of the change 

in the project outcome by replacing human intuition with estimation that is supported by 

machines using machine learning.   

The results of Experiment 2 were especially interesting: the AIDSS LLM module concurred 

with the architectural recommendations of experts with 100% accuracy for all ten test cases. 

With this degree of accuracy and the 40% drop in documentation burden, it is clear that AI is 

not just a speculative tool but a dependable collaborator to task architects. Support for 

Recommendation of appropriate technology – correctly – that complies with the IEEE 1471 

architectural governing requirements is very important for enterprise-level software. 

The results of the survey done during the Experiment 3 confirm that the human factor is at the 

heart of AI-enabled Agile. Attendees noted that projects aimed at boosting creativity 

thoughtfully, tackling architectural issues, and engaging in negotiations with stakeholders were 

still incompletely achievable by GenAI tools. The participants consistently noted that certain 

repetitive activities, such as using GenAI tools for increasing productivity, were 

'accomplishable' but not fully substitutable. By doing this, it helps establish the Human-AI 

Hybrid philosophy, which is that AI will augment human capabilities, not replace them. This 

cognitive load reduction (76% of participants) is particularly notable, as information overload 

is cited in the literature as one of the most widespread problems in the modern sprint. 

In experiments 4 and 5, there are complementary benefits. The tradeoff problem of too much 

work done without returns (defect detection pipeline) is mitigated by the real-time defect 

detection pipeline (Experiment 4), and the unrealistic project scoping problem is mitigated by 

the cost estimation model (Experiment 5). They complete the AIDSS feedback loop in the 

proposed AIDSS process model and allow the Agile teams to take care of the integrity of their 

present sprint as well as the predictability of their future delivery. 

5.3 Graph — Key Performance Metrics 

Each of the key performance metrics recorded in the different experiments was summarized 

visually on the bar chart below (Figure 3). The red bar shows the IT industry's historically high 

problem rates of 40% project failure in Pakistan that this research aims to tackle and the blue 

bars represent the gains of using AI technologies in the industry.
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Figure 4: Key 

Performance 

Metrics – AI 

Integration in 

Agile Projects 

This figure shows the key performance metrics that have been studied for the process of 

integrating AI into agile software projects. If the AI is seen to increase the chances of success 

above the project failure rate in the IT industry in Pakistan (red bar), then the associated blue 

bar will be visible.

5.4 Process Model Validation — Human-AI Hybrid Flow 

Based on the experimental results, the validated model of Human-AI Hybrid process, which is 

shown in Figure 4 below, can be designed. The model takes care of the entire pipeline, 

including the input of requirements, processing by the AI engine, selecting architectures, and 

implementing sprints; all technical and human feedback loops are now embedded in the model. 

The two-layered design allows for the constant evolution of AI recommendations as human 

architects use the system as a tool to create them, whilst the system is watching the constantly 

changing code and gathering technical debts in real-time. 

  

 

 

 

 

 

 

 

 

 

Figure 5: Human-AI Hybrid Process Model for Agile Software Development 

This figure  shows the proposed Hybrid process model combining both machine learning, large 

language models (LMs), and fuzzy logic, supplemented by human oversight to aid in software 

architecture assessment and selection. Also integrated into the model is DevSecOps practices 

that allow for continuous monitoring, security adherence, and consistent improvement in agile 

development. 
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5.5 Implications for the Pakistani IT Industry. 

The results are directly applicable to the IT industry of Pakistan where despite having top talent 

pool of freelancers in the world, they experience 40% failure rate of projects. The experiments 

show that introducing the proposed AIDSS framework step-by-step, starting with risk 

prediction and architecture decision support, can make a difference in minimising failure rates 

and maximising delivery predictability, while not necessarily necessitating changing the whole 

organisation. Experiment 3 showing the gains with GenAI on productivity aligns with what is 

easiest for some small and medium-sized software houses, as they don't need to invest as much 

on infrastructure for GenAI co-pilot tools as they would benefit from productivity gains. 

Another common vulnerability often overlooked is AI created code that is not automatically 

verified via pipelines – DevSecOps' validation during Experiment 4 addresses this vulnerability 

as well. The research validates an automated compliance check ability used at the same time 

as sprint velocity doesn't drop, in actual fact making secure AI-augmented development 

genuinely feasible for excessive-output development teams. 

VI. Conclusion 

The aim of this study was to explore the potential of a collaborative approach among Artificial 

Intelligence, Agile methodology, and Software Architecture to address the prevailing issues of 

software engineering, especially in the Pakistan region, such as astronomically high project 

failure rates, cognitive overload, subjective decision-making, and architectural disregard. 

For empirical testing on the key aspects of the proposed Human-AI Hybrid framework, 5 

controlled experiments were designed and conducted. To evaluate AIDSS, it was tested using 

the actual data sets in the fields of risk prediction, architecture decision support, sprint velocity, 

defect detection, and cost estimation. In all experiments, the findings were consistent with 

statistically significant results: AI integration reduced risk exposure by 25%, removed all 

architectural decision mistakes in controlled scenarios, increased developer productivity by up 

to 88%, found software defects with 91% accuracy, and made the cost estimation reliable by 

89%. 

When taken as a whole, the findings herein provide strong support for convergence with the 

central thesis of this research: The shift from intuition-based management to data-driven, AI-

supported software governance in the software industry is not only possible but also easily 

manageable using the often available tools and frameworks in industry. The research also 

substantiates that such a transition is most effective if it's guided with a Human-AI Hybrid 

approach where AI becomes a co-pilot—supplementing rather than supplanting human 

judgment. Ensuring human creativity, ethical thinking, and stakeholder engagement in the AI-

driven sprint cycle is crucial to maintaining trust and long-term architectural quality. 

By implementing AIDSS and predictive analytics pipelines specifically in Pakistan's IT sector, 

there is a plausible way of mitigating the 40% failure rate and limit the sector growth despite 

being in the leadership of freelancing among the international workforce. The proposed system 

is designed to be compatible with IEEE 1471 and the DevSecOps delivery model to ensure 

compatibility without compromising compliance or security for the sake of agility. 

To wrap up, the three just mentioned—AI, Agile, and Architecture—represent the coming of 

age for software project management. The results of this study form a research-based basis on 

which organizations prepared to make that jump of subjective guesstimation to structured, 

intelligent, waywardly ethical software delivery, can rest assured on the validity of the results. 

Long term deployment of AIDSS in real organisations and variation in the data set so as to 

include additional data from other emerging markets beyond Pakistan would be useful for 

generalising the results obtained in this work throughout the software engineering world.
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