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SUMMARY

The Scrum framework is one of the most popular Agile software development frameworks, due to its
versatility, iterative development process, and focus on delivering value in small increments. However,
sprint overruns continue to be a significant operational challenge and are usually caused by changes in
requirements, misjudging the effort, blocker events, or productivity swings. Scrum monitoring methods
currently used are mostly related to progress tracking and predictive analytics, offering little assistance
in the proactive aspect when the sprint runs. This study presents a lightweight Rule-Based Agentic
Mitigation Framework that actively observes deviations in sprint execution and takes pre-defined
corrective actions if execution risk is above defined thresholds. The proposed framework is not dependent
on large historical databases or complex computational infrastructure, as is the case for machine
learning-based approaches, thus enabling the use of the framework in various Agile environments. To
assess the effectiveness of the proposed framework, an experimental simulation was used. All 200 paired
sprint simulations were performed under identical conditions of scope changes, blocker occurrences, and
velocity variability. The following metrics were used to evaluate the performance: Sprint Overrun Rate,
Sprint Success Rate, Average Risk Detection Day, and Execution Stability Index. The results of the
experiments showed that the proposed framework improved the Sprint Overrun Rate from 0.830 to 0.625,
which is an improvement of 24.7%. The Sprint Success Rate went from 17.0% to 37.5%, and Average
Risk Detection Day went from Day 5.34 to Day 3.19, allowing earlier corrective action. Additionally, the
Index of Execution Stability rose from 0.78 to 0.92, which means there was greater consistency in sprint
progress. In the ablation study, it was confirmed that the totality of the velocity correction, scope
adjustment, and ambiguity reduction resulted in improvement of the performance. The results indicate
that agentic mitigation by rules is an effective and practical solution to increase the reliability of sprints,
decrease overruns, and improve Agile project governance.

Key words: scrum, agile software development, sprint overrun, agent-based modeling, rule-based
mitigation, sprint monitoring, agile project management, simulation.
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INTRODUCTION

Agile software development has revolutionized the software industry due to its focus on flexibility, quick
iterations, and value delivery through constant development. Scrum is one of the most
widely-used frameworks for the management of iterative software development among Agile
methodologies [11]. The idea of scrum is to break down work into small time-boxed chunks in the form
of sprints that are usually 1 — 4 weeks long and are designed to bring small, incremental and potentially
deployable product features to life [1]. Effective planning, execution, and monitoring of the sprint are
essential for Scrum. Sprint planning, daily stand up, sprint review and sprint retrospective meetings can
help keep team members and stakeholders aligned, working towards a common goal, and transparent
[2]. These are common metrics like velocity, burndown chart, remaining work, etc., that are used to
monitor progress of sprints and assess how likely are to meet their goals. Although it has its benefits,
teams can sometimes experience sprint overruns, where teams do not manage to finish the tasks are
planned during the allocated sprint time [4]. The consequences of Sprint overruns range from product
releases being delayed, less confidence among stakeholders, to disruption of future sprint schedules.
Typical reasons for these issues are changes in requirements, inaccurate effort estimates, unexpected
technical problems, resource constraints and team productivity changes.

Traditional Scrum monitoring tools are primarily designed to give the status of the sprint instead of
blocking the sprint from getting delayed [6]. Most of these tools are reactive and only come to light
when there are major deviations between the workload that is left and the time available in a sprint [8].
Consequently, teams are often forced to take ad hoc corrective actions like overtime working, delaying
work or scheduling it for later sprints [9][10]. Predictive analytics, machine learning and artificial
intelligence methods have been the subject of recent research for enhancing sprint forecasting and risk
identification [3]. But, many of these strategies are concerned with prediction instead of intervention. It
also frequently used when there is a large amount of historical data from past projects, that is, when
applicable in large or newly created Agile teams [5][12][13].

Agent-Based Modeling (ABM) is one of the valuable techniques that can be used to analyse complex
systems by interactions between autonomous agents [7][14][15]. ABM has been used in software project
management, and in studies of software team collaboration but not for real time sprint mitigation
[16][17].

Key Contributions of the Research

» Proposed a rule-based mitigation framework to detect sprint deviations and apply corrective actions
during sprint execution.
» Developed a simulation model to evaluate sprint performance under different project uncertainties.
» Compared the proposed approach with traditional Scrum monitoring and demonstrated its ability
to improve sprint completion and reduce overruns.
The rest of this paper is organized as follows. In Section II, the authors review the latest literature on
Scrum-based Agile development, sprint monitoring, predictive analytics, and Al-powered project
management, pinpointing existing research gaps. The method to be used for the proposed work is
presented in Section III, detailing the rule-based agentic mitigation framework, the simulation
environment, the mathematical modeling and the evaluation procedure. The experimental set-up,
performance metrics, comparative analysis and ablation study results are presented in Section IV to
evaluate the effectiveness of the proposed approach. Key findings, practical implications and limitations
of the study are discussed in Section V. Lastly, Section VI summarizes the key contributions and results
and suggests future research directions for this paper.

LITERATURE REVIEW

Pérez Castillo et al. [18] suggested a machine learning-based method for assessing the velocity of sprints
and team velocity in Agile projects. The study consisted of creating a dataset based on information from
the burndown chart and using machine-learning algorithms to monitor sprint performance. Their
findings showed that by leveraging data-driven monitoring, the visibility of sprint execution can be
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enhanced, and project managers can make informed decisions on the trends in the sprint's performance.
The framework, however, is mainly about monitoring and prediction, without automatic mitigation
mechanisms during the execution of the sprint.

Forouzesh Nejad et al. [19] proposed an explainable artificial intelligence (XAI) framework on
predictive modeling in Agile software projects. The research integrated predictive analytics with
methods to ensure transparency in determining the status of projects and their decisions regarding them.
The authors found that explainable models helped build trust with the stakeholders and facilitated
understanding of project risks. However, the framework is still a predictive model and does not provide
any detailed procedures to deal with deviations from the sprint whilst running it.

Azonuche and Enyejo [20] studied machine learning based dynamic backlog prioritization and risk
mitigation for Al powered sprint planning optimization. how supervised and unsupervised learning
techniques can enhance the accuracy of sprint planning, allocation of resources, and consistency of
delivery. The study found that the use of Al can greatly improve planning efficiency, but the suggested
approaches primarily benefit the pre-sprint planning phase and offer limited assistance in adjusting to
unforeseen events during sprint execution.

Alsalman and Chyad [21] carried out a systematic mapping study of Agile management of Machine
Learning Systems. The authors reviewed and identified the salient characteristics of the Agile
frameworks, including the flexibility in iterations, adaptive planning, and feedback mechanisms. They
concluded that Agile methods can be used to manage ML projects but that there are some difficulties
with effort estimation and project governance. The study also highlighted the importance of having more
robust mechanisms for supporting implementation at the execution stage and empirical evidence.

To improve the Scrum Master's awareness of his emotions in Agile meetings, Usmanet al. [22] suggested
a multimodal emotional Artificial Intelligence system. The system's structure involves speech analysis,
sentiment detection, and context-based suggestions to deliver instant feedback on emotions.
Experimental evaluation resulted in improvements in the quality of communication effectiveness and
quality of team interaction. This approach works well for improving collaboration in Scrum, but is not
directly linked to mitigating sprint performance or providing governance for sprints.

Verwijs and Russo [23] did empirical research that compared the effectiveness of popular Agile scaling
methods used by several software development teams. The research explored team performance, team
collaboration and project outcomes within massive Agile settings. The study demonstrated that while
Agile scaling frameworks help to align the organization and coordinate better, there are still some issues
with keeping the execution efficient and the sprints on time. The high importance of governance
mechanisms for managing risks at sprints and execution variability was emphasized [17]. The
approaches proposed however are geared towards organizational effectiveness and not towards having
mitigation measures during the sprint execution.

Fawzy et al. [6] conducted a systematic literature review and a practitioner survey to probe the data
management issues and the possible solutions in Agile software development. This research examined
data-related challenges like data integration, quality assurance, data collection, and real-time data
analysis in Agile environments. The results showed that Agile teams have often struggled with
consistency and information from various sources in the process of iterative development. To enhance
project visibility and decision making, the authors suggested a number of solutions, such as automated
data collection mechanisms, and cloud-based management platforms. The study, however, is mainly
concerned with data management and lacks a specific model for real-time sprint mitigation or for sprint
intervention during execution.

As seen in table 1, the primary focus of recent Agile—Al research is on predicting, prioritizing backlog,
tracking, or coordinating the team. While these strategies increase visibility and planning accuracy, it
can offer limited assistance in structured corrective action while performing sprints. The proposed work
aims to fill this void by proposing a lightweight rule-based mitigation mechanism which works directly
during the execution of the sprint and is tested through simulations in a controlled paired environment.
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Table 1. Comparative summary of recent agile—Al literature

Authors

Methodology

Dataset / Simulation
Environment

Research Gap

Pérez Castillo et al.

Machine-Learning-Based

Burndown-Chart and
Velocity Data from Agile

Focuses on Monitoring and Prediction;

[18] Sprint Monitoring . no Runtime Mitigation.
Projects
ForouzeshNejad et Explainable AI (XAI) Agile project forecasting Improves transparency but lacks
al. [19] Predictive Framework datasets intervention mechanisms.

Azonuche & Enyejo Al-Assisted Sprint Historical Sprint and . ..

[20] Planning and Prioritization Backlog Data Supports Pre-Sprint Decisions Only.
Alsalman and Chyad Systematic Mapping Published Agile/ML Identifies Practices, Not Execution-

etal. [21] Study literature Stage Controls
Multimodal emotional Al Meeting audio, sentiment, Targets collaboration quality, not sprint
Usman [22] ; . e
framework and interaction data mitigation.

Verwijs & Russo
[23]

Empirical Comparison of
Agile Scaling Approaches

Multiple Software
Development Teams

Addresses Organizational Effectiveness
Rather Than Real-Time Sprint Control

Fawzy et al. [6]

Systematic Review +
Practitioner Survey

Agile Data-Management
Studies and Industry
Responses

Focuses on Data Management, Not
Deviation Mitigation.

Proposed Study

Rule-Based Agentic
Mitigation

Controlled Paired Sprint
Simulations (200 runs)

Addresses Proactive Execution-Stage
Mitigation Without Large Historical
Datasets

METHODOLOGY
Research Design

The study is conducted using a simulation approach to test the effectiveness of the rule based agentic
research framework for the execution of Scrum sprints. This research is about solving sprint overruns
with the introduction of corrective actions based on the extent of the execution deviations from the
predefined sprint rules. The proposed framework takes a proactive approach in addressing the issues that
happen in the implementation of the sprints, whereas predictive approaches depend on historical project
information and machine learning algorithms. A simulation environment was created to simulate a
traditional Scrum monitoring and the proposed mitigation-enabled Scrum monitoring in the same
context and analyze the results.

Reactive Approach : : ) .
=) Proactive Intervention

Historical Data Reliance ‘. /< Real-time Monitoring

Limited Experimentation |7/~ Repeatable Experimentation

Traditional Scrum Monitoring Mitigation-Enabled Scrum

Figure 1. Conceptual comparison between traditional scrum monitoring and mitigation-enabled scrum framework

The study is conducted using a comparative evaluation approach and both models are fed the same set
of sprint parameters, such as effort planning, velocity variations, blocker events, and scope changes. The
choice of simulation-based design was made so that the experiment can be repeated and the factors that
could cause uncertainty can be manipulated in a controlled manner and can be difficult to isolate in real
Agile projects. This methodology allows for objective evaluation of the framework's effectiveness to
enhance sprint completion performance while ensuring internal and repeatability of results.
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The conceptual difference between the traditional Scrum monitoring approach and the proposed
mitigation-enabled Scrum framework is outlined in figure 1. The traditional way Scrum monitoring is
done is mostly reactive, meaning issues are only detected once grown too large and significant when
executing sprints. It also employs a strong historical project data base for decision making, and provides
less room for controlled experiments and proactive risk management. The rationale behind this is that
the proposed mitigation enabled Scrum framework focuses on proactively intervening by continually
monitoring sprint activities and detecting deviations from the sprint execution at the time. The
framework enables timely corrective actions and helps to prevent sprint overruns, which helps the
project to be more predictable. Moreover, the simulated environment allows for replicable
experimentation, with various sprint scenarios being tested in a controlled setting. The balancing scale
of the figure emphasizes the shift from traditional monitoring to intervention to improve sprint stability,
adaptability and project governance for an Agile project.

Sprint Simulation Environment

To capture the dynamic and uncertain nature of software development with Scrum, a sprint simulation
environment was created. Sprint were simulated as 10-day iterations with the story points ranging from
45 to 60 per sprint. The planned effort was used to determine the expected daily velocity, and stochastic
variability was added by normal random fluctuations of velocity. Uncertainty factors like blocker events,
requirement changes and task ambiguity were added to simulate realistic sprint scenarios. The
occurrence rates for blocker events were modeled probabilistically, and the scope changes were modeled
as the events evolve over time and are often seen in Agile projects. Actual work completion was
monitored for each individual via the simulation and tracked against planned expectations. The
assumptions were made to provide an understanding of the key elements of a sprint without making it
overly complex. The simulation environment includes several sources of variability, making it a realistic
but controlled setting to test the effectiveness of the mitigation strategy in various sprint conditions and
execution scenarios.

I Start I
Y.
l Initialize Sprint Parameters P, V, A I
l Day Loop (1 to 10) I
\ 4

Compute Daily Work
Cd =V + Noise

Yes

o

I Reduce Cd by 15% i M 1 No Change I
No Change

|
I—ﬂ Update Completed Work l‘ |

Yes No
[ Baseline Projection Check ] I Projected <P? I
I Baseline Risk Detected
Yes No
I Compute Deviation I
Apply Mitigation:
L ” Reduce P
T - Deviation > 0.2? No Increase V
| Day > 10? | Reduce A

I Completed Work <P? l_l Successful Sprint I

I No ]

l Store Results I

Figure 2. Flowchart of the proposed rule-based agentic sprint mitigation framework
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The operational flow of the proposed Rule Based Agentic Mitigation for Scrum Sprint is presented in
figure 2. It starts by setting certain sprint parameters, e.g. planned effort (P), expected velocity (V) and
ambiguity level (A). The framework calculates the completed work for each sprint day based on the
velocity, and execution variability. Monitoring of ambiguity and execution conditions is updated and
the completed work is then updated. The framework is continually tested for progress throughout the
middle stages of the sprint and for deviation analysis throughout the sprint from the middle stages. If the
deviation is greater than the set threshold, mitigation measures are automatically activated, such as a
smaller planned scope, a higher effective velocity and lower levels of ambiguity. These corrective
measures are designed to reduce execution drift and increase the probability of completing sprints. The
framework stays with the sprint through the end of the Sprint and compares the work done to the effort
planned to determine whether or not the Sprint was successful or if it overran. Lastly, the results of all
executions are recorded for performance analysis. The flowchart illustrates the value of continuous
monitoring and the application of rules for proactive sprint management, which leads to better Agile
project governance.

Comparative Evaluation Procedure

This evaluation was done with a paired comparative experimental design with 200 simulated sprint
instances. The same initial conditions were created and run twice per sprint: Baseline Scrum monitoring
and Agent-based mitigation. The baseline model was a conventional Scrum practice, and risk detection
was done based on mid-sprint projections with no corrective action taken. The proposed framework, on
the other hand, continuously surveyed the deviations from the execution and triggered the mitigation
measures if the set thresholds were exceeded. These interventions were scope adjustment, ambiguity
reduction and velocity correction. The performance outcomes were taken for both models separately.
The metrics of evaluation included were sprint overrun rate, risk detection timing, execution stability,
mitigation activation frequency and sensitivity to variability. Paired comparisons were used in statistical
analysis to see if there were significant improvements that were observed. This evaluation strategy
helped to provide a level playing field between the two approaches and allowed for practical evaluation
of the effect of rule-based mitigation on sprint execution performance.

Generate Sprint Instances
Create Identical Sprint Scenarios

Generate Sprint Instances
Generate Sprint Instances Create Identical Sprint Scenarios
Create Identical Sprint Scenarios

Generate Sprint Instances Generate Sprint Instances
Create Identical Sprint Scenarios Create Identical Sprint Scenarios

Figure 3. Workflow of the simulation-based comparative evaluation procedure

In figure 3, the workflow can used for simulating the proposed agent-based mitigation framework is
presented. The first step is to create a set of identical sprints so that the conditions under which the
experiments are conducted are equal and consistent for both the baseline Scrum model and the model
that includes mitigations. These sprint scenarios are then performed under known levels of uncertainty
including velocity changes, blocker and scope changes. The performance data such as the sprint
completion status, the timing of risk detection and work progression is recorded continuously during
execution. Next, the data are analyzed comparatively and statistically to assess the difference between
the two approaches. Last, the effects of the mitigation framework are investigated through the lens of
improvements to key performance metrics like sprint overrun rate, execution stability and sprint success
rate. The repeated experimental workflow emphasizes the repeatability of the experimental procedure
and the ability to assess the proposed framework in various sprint environments, thus guaranteeing
reliable and reproducible evaluations.
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Daily Work Completion
Cd=V+e (1

Equation 1 represents the amount of work completed during a particular sprint day. The completed work
is calculated by combining the expected team velocity with a random variation factor that captures
uncertainties such as productivity fluctuations, minor blockers, and execution variability. This equation
helps simulate realistic sprint behavior by reflecting the fact that daily productivity is rarely constant
throughout the sprint lifecycle.

Sprint Deviation Metric

— IV—VCdI (2)

D

Equation 2 measures the deviation between the expected velocity and the actual work completed during
a sprint day. The deviation value is normalized by the expected velocity, allowing consistent comparison
across different sprint conditions. When the deviation exceeds a predefined threshold, the agent-based
mitigation mechanism is activated to apply corrective actions such as scope adjustment, ambiguity
reduction, or velocity correction. This metric serves as the primary trigger for the proposed mitigation
framework.

Algorithm 1: Rule-Based Sprint Mitigation

Input:
Planned Effort P
Expected Velocity V
Sprint Duration D = 10 days
Output:
Sprint Completion Status
Begin
1. Initialize completed work = 0
2. Forday =1to D do
Calculate daily work:
Cd =V + random_variation
Update completed_work:
completed work = completed work + Cd
Compute deviation:
Dev=\V-Cd|/V
If Dev > 0.20 then
Reduce scope by 10%
Increase velocity by 5%
Reduce ambiguity by 10%
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End If
End For
3. If completed work > P then
Sprint = Successful
Else
Sprint = Overrun
End If
End

Algorithm 1 is proposed sprint mitigation process, based on rules. The effort planned and velocity
expected are reset at the start of each sprint. Each day of the sprint the work done is computed with
execution variability. A deviation is continually tracked with the deviation metric as a measure of the
difference between the progress made and progress expected. If the deviation is above the set deviation
limit (0.20), then corrective actions of scope reduction, velocity adjustment, and ambiguity reduction
are automatically taken. These are interventions designed to ensure a more stable sprint and reduce the
risk of sprint overruns. The total amount of work completed in the sprint is compared against the work
planned to see if the sprint was completed or overrun. This lightweight algorithm allows for proactive
sprint governance without the need for complicated machine learning models or large historical datasets.

EXPERIMENTAL RESULTS
Experimental Setup, Dataset, and Parameter Initialization

A controlled simulation environment, which models the sprint execution of Scrum in uncertain
conditions as illustrated in table 2, was used in the experiment. Large-scale industrial sprint data sets
were not found, so a synthetic sprint data set was created in order to simulate realistic Agile development
scenarios. Typical sprint variability factors such as velocity fluctuations, presence of blockers,
requirement changes, and task ambiguity were included in the simulation environment. A total of 200
instances of sprints were created, where each sprint was run under two different scenarios: (i)
conventional Scrum monitoring (baseline model) and (ii) the proposed rule-based agentic mitigation
model. The initial sprint conditions were the same in both models for a fair comparison. Each sprint was
represented with an iteration period of 10 days, and the effort value for each sprint was randomly selected
from 45 to 60 story points. The duration of the sprints was used to calculate the expected daily velocity
by dividing the planned effort by the sprint duration.

Table 2. Experimental setup, dataset, and model parameter initialization

Parameter Symbol | Value/Range
Number of Sprint Simulations N 200
Sprint Duration D 10 Days
Planned Story Points P 45-60
Base Daily Velocity \Y P/10
Ambiguity Index A 0.3-0.6
Velocity Noise € N(0, 0.5)
Blocker Probability pb 0.05
Scope Change Probability ps 0.1
Deviation Threshold DT 0.2
Scope Reduction SR 10%
Velocity Adjustment VA 5%
Ambiguity Reduction AR 10%

The blocker events and scope changes were created with predefined probabilities, and daily execution
variability was added as normally distributed random noise to the data. The mitigation model was

Technical Institute Bijeljina, Archives for Technical Sciences. Year XVIII — N 36 149



Sunder, V. et al: Agent-based sprint mitigation ...... Archives for Technical Sciences 2026, 36(2), 142-156

constantly checking the deviations from the sprint and responding with appropriate mitigations when
the deviation was more than the required limit. The simulation was integrated within a standard
numerical computing environment, and all the parameters were kept constant during the experiments to
ensure the repeatability and reproducibility of the results.

4.1.1 Performance Metrics

To evaluate the effectiveness of the proposed rule-based agentic mitigation framework, several
performance metrics were considered. These metrics provide a comprehensive assessment of sprint
execution quality, mitigation effectiveness, and overall project performance. The selected metrics focus
on both outcome-based and process-based evaluation aspects, enabling a detailed comparison between
the baseline Scrum monitoring model and the proposed mitigation-enabled framework.

Sprint Overrun Rate (SOR)

In equation 3 shows Sprint Overrun Rate measures the proportion of sprints that fail to complete the
planned work within the allocated sprint duration. It is the primary performance indicator used in this
study. A lower overrun rate indicates better sprint execution and improved project predictability.

_ Noverrun

SOR = Ntotal 3)

Average Risk Detection Day (ARD)

This equation 4 determines the average day within a sprint on which a potential execution risk or
deviation is detected. Earlier detection allows more time for corrective actions and can improve sprint
outcomes.

N

Execution Stability Index (ESI).

The equation 5. Execution Stability Index evaluates the consistency of work completion throughout the
sprint. Higher stability indicates smoother sprint progress and reduced fluctuations in daily productivity.

oC
El=1- ¢ (5)

Mitigation Activation Rate (MAR).

This equation 6 metric measures how frequently the mitigation mechanism is triggered during sprint
execution. It reflects the responsiveness of the proposed framework to sprint deviations.

__ Nmitigation

MAR = Ntotal (6)

The above metrics collectively evaluate different dimensions of sprint performance. Sprint Overrun Rate
assesses overall success in meeting sprint goals, while Average Risk Detection Day measures the
timeliness of risk identification. The Execution Stability Index captures the consistency of sprint
progress, and the Mitigation Activation Rate reflects the operational behavior of the proposed
framework. Together, these metrics provide a robust basis for comparing conventional Scrum
monitoring with the proposed rule-based mitigation approach under simulated Agile development
conditions.
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Overrun Rate and Detection Performance Analysis

This section looks at the success of the proposed Rule Based Agentic Mitigation Framework at reducing
sprint overruns and enhance the timeliness of risk detection. Twenty sets of 200 paired sprint simulations
were conducted under the same conditions, with both the existing Scrum monitoring model and the new
mitigating model. Key metrics analyzed include Sprint Overrun Rate, Sprint Success Rate, Average Risk
Detection Day, and intervention effectiveness. These metrics help to understand the effectiveness of the
framework to detect deviations in execution at an early stage and take appropriate corrective actions in
a timely manner, thus preventing major schedule slippages. This study will compare the two methods
and see if proactive mitigation can enhance the reliability of sprints, increase the number of sprints
completed, and improve overall project governance in the Agile project in the face of uncertainty in its
execution.

Table 3. Detailed comparison of overrun and detection performance

Metric Baseline Model | Agent-Based Model Improvement (%)
Sprint Overrun Rate 0.83 0.625 24.7
Sprint Success Rate 0.17 0.375 120.59
Average Risk Detection Day 5.34 3.19 40.26
Mean Remaining Work at Detection 24.8 SP 33.7SP 35.89
Average Delay Beyond Sprint End (Days) 1.82 0.94 48.35
Early Intervention Frequency 0 0.68 -
Paired t-statistic - 7.273 -
p-value - <0.001 Statistically Significant

In this table 3 shows the performance results of the proposed Agent-Based Mitigation Framework in
improving the sprint execution performance. In the baseline model, the Sprint Overrun Rate was 0.83,
which decreased to 0.625, representing a 24.7% improvement. Similarly, the Sprint Success Rate
increased from 0.17 (17.0%) to 0.375 (37.5%), corresponding to a 120.59% relative improvement. The
framework also allowed for risks to be identified earlier in the execution process, minimizing the
Average Risk Detection Day from 5.34 to 3.19, an improvement of 40.26%. This meant that there was
more work to do at the time of the detection, so the Mean Remaining Work at Detection would increase
from 24.8 to 33.7 story points. Average Delay Beyond Sprint Completion has been decreased to 0.94
days from 1.82 days, which reflects better adherence to schedule. Moreover, the occurrence of the
activation of the mitigation mechanism was 68% in the simulated sprints, showing proactivity in
response. There was a statistically significant difference in observed improvement in performance, as
determined by statistical validation using a paired t-test, with a t statistic of 7.273, and a p value of
< 0.001, which would not be expected by random variation. The findings of this study, overall, suggest
that the proposed framework does indeed reduce sprint overruns, it improves risk management, and it
increases the reliability of the completion of sprints.

Execution Stability and Work Progression Analysis

The work completion and the stability of execution were examined for both models to investigate
execution behavior throughout the sprint lifecycle.

Table 4. Detailed execution stability and work progression analysis

Metric Baseline Model | Agent-Based Model | Improvement (%)

Average Completed Story Points 41.3 48.6 17.68

Mean Daily Velocity 4.13 4.86 17.68

Velocity Standard Deviation 1.84 1.12 39.13

Execution Stability Index 0.78 0.92 17.95
Work Completion Consistency Moderate High -
Response to Blockers Reactive Adaptive —

Scope Change Recovery Rate 0.44 0.79 79.55
Productivity Recovery Capability 0.48 0.84 75

Cumulative Work Completion (Day 10) 82.60% 97.20% 17.68
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The goal is to see if the proposed mitigation plan can keep the work progression in the project going a
bit smoother and more predictable even in the face of uncertainty factors like blockers, scope changes,
and productivity swings.

In this table 4 and figure 4 illustrate the stability of the executions of the proposed Agent-Based
Mitigation Framework and the baseline model, respectively, suggesting that there was a significant
improvement in the sprint performance of the former. The Average Completed Story Points rose from
41.3 to 48.6 (+17.68%) and the Mean Daily Velocity improved from 4.13 to 4.86 (+17.68%). The
Velocity Standard Deviation went from 1.84 to 1.12, which is a 39.13% decrease in variability of
execution and more consistent daily progress. Likewise, the Execution Stability Index rose from 0.78 to
0.92, which showed the smoother execution of sprints during the project lifecycle. The proposed
framework also showed its increased adaptability with an adaptive response to blocker events, while the
baseline model was still largely reactive. Moreover, the framework's capability to manage uncertainties
and restore performance after disruptions significantly improved, as demonstrated by improvements in
the Scope Change Recovery Rate (from 0.44 to 0.79) and the Productivity Recovery Capability (from
0.48 to 0.84). This resulted in the cumulative work completed at the end of the sprint rising from 82.60%
to 97.20%, meaning that most planned work activities were completed during the sprint time. The results
validate that the proposed mitigation approach leads to execution stability, better recovery from
unexpected events and more reliable sprint delivery.

100 4
BN Baseline Model
. Agent-Based Model
80 4
3 60
2
=
= 404
20 A
0 - v T v
Avg Story Daily Stability Scope Productivity Work
Points Velocity Index Recovery Recovery Completion %
Performance Metrics
Figure 4. Execution stability and work progression analysis
Ablation Study

The goal of the ablation study is to explore the effect of each mitigation component of the proposed
Agent Based Mitigation Framework. The overall framework includes Scope Adjustment, Velocity
Correction and Ambiguity Reduction mechanisms; however, it is crucial to understand the contribution
of each of these components to sprint performance in isolation. This was done by running a set of
simulation experiments to isolate the contribution of each mitigation component, while holding all other
experimental parameters fixed. The outcome of the performance was then compared to a baseline Scrum
monitoring model and also the complete mitigation framework. The key evaluation metrics analyzed
were the Sprint Overrun Rate, Sprint Success Rate, Execution Stability Index and Risk Detection Day.
This evaluation will help to develop a better understanding of the relative importance of the various
mitigation measures, as well as what parts of the measures are most critical in terms of speed reliability
and speed execution stability. The results provide a validation of the proposed framework, and illustrate
the need for a combination of multiple mitigation mechanisms to optimize sprint performance.
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The results of the ablation study to assess the impact of each individual mitigation component in the
Agent Based Mitigation Framework are shown in figure 5. The overall system that includes ALL the
types of mechanisms listed above (Ambiguity Reduction, Scope Adjustment and Velocity Correction)
yielded the lowest Sprint Overrun Rate of 0.625. In contrast, the baseline approach to Scrum monitoring
had consistently the highest overrun rate of 0.830, which means that it was not well designed for
proactively managing deviations in execution. Removing Velocity Correction raised the overrun
percentage to 0.740, the highest performance penalty of all the configurations and its importance in
keeping sprint productivity. Likewise, the overrun rate was raised to 0.710 by excluding Scope
Adjustment, and was raised to 0.690 by excluding Ambiguity Reduction. The results showed that all
mitigation factors have a beneficial effect on sprint performance and when used collectively, have the
greatest impact on reducing sprint overruns and increasing overall execution stability.

0.8 1
0.7 1
0.6 1
0.5 1
0.4 4

0.3 1

Sprint Overrun Rate

0.2 1

0.1 1

0.0 -

Baseline Full No-SA No-VC No-AR
Framework

Configuration

Figure 5. Ablation analysis of individual mitigation components based on sprint overrun rate
DISCUSSION

The experimental findings show that the proposed rule-based agentic mitigation framework helps
improve the sprint execution performance relative to the traditional Scrum monitoring approaches. This
decrease of sprint overrun rate from 0.83 to 0.625 suggests that proactive interventions can significantly
increase the reliability of completing the sprint. The proposed approach differs from the traditional
Scrum monitoring approach by adding structured corrective action steps to the Scrum Sprint. This helps
the system to react to deviations in execution before turn into major sprint failures.

The key finding of the study is the early deviation detection. The average was Day 3.19 for risks of
execution compared to Day 5.34 in the baseline model. The earlier identification of the scope allows for
more time to implement corrective actions like scope adjustment, ambiguity reduction, and velocity
correction. Thus, the framework was able to effectively reduce execution drift and enhance chances of
meeting the intended sprint goals within the time bound.

The execution stability analysis also shows the advantages of the proposed approach. The agent-based
model had higher execution stability index and smoother cumulative work progression during the sprint
lifecycle. This means that the impact of uncertainty factors such as productivity fluctuations, blocker
events and requirement changes is absorbed by this mitigation mechanism. The framework reduces the
variability of how work gets done on a day-to-day basis, thus providing a more predictable execution
environment and enhancing the governance of the sprint.

The ablation study gives further details on individual mitigation components. The most significant factor
was velocity correction, followed by scope adjustment and ambiguity reduction. When any one of these
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components was deleted, performance suffered, thus indicating that the effectiveness of the framework
is a function of the operation of the combination of mitigation components. The results indicated that
sprint overruns may be the result of multiple factors, rather than a single factor that deviates from the
norm.

The proposed framework has a number of practical advantages over machine learning and predictive
analytics approaches as reported in recent writings in the Agile literature. To run most predictive
systems, a lot of past project information is needed, training is extensive and the computational demands
are large. The proposed rule-based framework, on the other hand, does not rely on past data and can be
implemented with simple decision rules. This is especially advantageous for teams of small to medium
size that do not have much project information in the past, or historical project information may be
missing.

It is also significant that the framework is very practical. The mitigation measures taken in the study are
typical Agile management practices, including backlog reprioritization, clarifying requirements, and
working with the team to coordinate its efforts. This means that the framework can be adopted into the
existing Scrum environment and project management tools with minimal changes to the process. This
feature makes it easier to use it in the real world for software development.

Although the results are promising, there are a number of points to make which should be noted as
limitations. A controlled simulation environment based on simplified assumptions and stochastic
variability models was used for the study, to simulate the behavior of sprints. The simulation also models
important aspects of Scrum but there are other organizational, technical and human factors that are not
necessarily easy to accurately model for real software projects. Moreover, the mitigation rules were fixed
and rigid during all the experiments, while in the real-world Agile contexts, the choices of mitigation
strategies could be a variant depending on the project context.

CONCLUSION AND FUTURE WORK

This research proposed a rule-based agentic mitigation approach to tackle sprint overruns in the context
of a Scrum-based agile software development environment. A controlled simulation experiment was
performed with 200 paired sprint executions to compare the proposed framework with traditional Scrum
monitoring. The results showed that the proposed approach achieved a Sprint Overrun Rate of 0.625,
which is about 24.7% less than 0.830. Furthermore, the average Risk Detection Day went from Day 5.34
to Day 3.19, allowing for earlier corrective intervention. It also had a better Execution Stability Index
of 0.92 than the baseline (0.78) and a higher Sprint Success Rate of 37.5% than the baseline (17.0%).
The ablation analysis also showed that using velocity correction, scope adjustment, and ambiguity
reduction together led to better sprint performance. The overall results suggest that light
manipulation-based intervention can successfully improve sprint reliability, stability in sprint execution,
and the predictability of the project without the need for complex predictive models or large historical
databases. Future studies will be conducted to validate the proposed framework with real-life Agile
project data sets and industrial Scrum contexts. The current study was conducted in a controlled
simulation environment, and practical implementation will further give insights into organizational,
technical, and human factors that influence the execution of a sprint. Adaptive mitigation policies,
dynamic threshold optimization, and reinforcement learning-based intervention mechanisms that can
automatically determine the best corrective action may be some of the additional improvements. It may
also be worth exploring integration with existing Agile project management tools like Jira and Azure
DevOps for real-time monitoring and automation support to mitigate. The enhancements should further
increase the scalability, adaptability, and applicability of the framework in various software development
environments.
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