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ABSTRACT

Agile project management, focusing on flexibility and iterative delivery, has a
tendency to view issue resolution timing as vague and thus has a tendency to
result in schedule overruns and resource planning inefficiency. This research
contributes a large-scale statistical approach to predicting issue resolution
patterns from historical JIRA data, providing quantitative analysis to project
managers to enhance sprint planning and resource allocation. It utilises time-
series analysis with a broad dataset of 1,095 days of issue tracking records
sourced from a publicly available Kaggle dataset of actual software development
projects. It uses an AutoRegressive Integrated Moving Average (ARIMA) model,
selected through a Box—Jenkins model-identification process that effectively
tests various setups of parameters using stringent statistical tests. The optimal
ARIMA (1,1,1) model demonstrated strong forecasting capability, as indicated by
the performance metrics: AIC (Akaike Information Criterion) = 1872.52, BIC
(Bayesian Information Criterion) = 1887.07, and error metrics recomputed on a
single, consistent scale (Mean Absolute Error = [author to insert corrected
value], Root Mean Squared Error = 3.2501; see Section 3. viii for the corrected
computation). The results validate the efficiency of the model for forecasting
issues resolved per day and establishing patterns over time in team productivity.
This research provides robust variations in resolution rate prediction across
development cycle stages, with high performance in stable sprints. The model
output shows good estimation of team capacity for data-driven sprint backlogs
and deadline realignment. This research adds a practical, scalable approach for
JIRA-using teams, bridging the gap between Agile principles and data science.

Keywords: Agile Project Management, ARIMA Modelling, Issue Resolution
Forecasting, JIRA, Sprint Backlog.

1. Introduction

Agile software project management has revolutionised modern software development through
iteration, adaptability, early delivery, and team collaboration (Schwaber & Sutherland, 2017;
Dingseyr et al., 2012). However, several recurring risks persist in Agile environments,
including time delays, effort estimation inaccuracies, scope creep, and inefficient resource
utilisation (Usman et al., 2016; Hayat et al., 2021). These challenges reduce predictability at
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both sprint and project levels and affect overall project quality. One of the most persistent
issues is maintaining consistent and timely issue resolution, especially when using tools like
JIRA to track daily task progress.

Time-series forecasting is an analytical approach that can help address such uncertainties by
using historical project data to identify patterns and predict future behaviour. The ARIMA
model is widely used for univariate time-series analysis and is effective in capturing linear
trends in Agile metrics such as issue resolution rates (Hyndman & Athanasopoulos, 2018; Box
et al., 2015; Siami-Namini et al., 2018). Applying ARIMA to JIRA issue-tracking data enables
teams to predict daily issue resolution capacity, improving sprint planning, workload
distribution, and resource optimisation. Recent work continues to confirm ARIMA's relevance
as a strong, interpretable baseline against which more complex hybrid approaches are
benchmarked (Atesongun & Gulsen, 2024; Kashif & Slepaczuk, 2024; Temiir & Temiir, 2024).

This research aims to develop a data-driven prediction model capable of forecasting issues
resolved per day in Agile projects. Despite the iterative strengths of Agile practices (Schwaber
& Sutherland, 2017; Dingseyr et al., 2012), teams still struggle to accurately estimate issue
resolution time, leading to sprint delays and planning inefficiencies (Usman et al., 2016; Hayat
et al., 2021). Using 1,095 days of historical JIRA data, this study develops an ARIMA-based
model evaluated through statistical metrics such as AIC, BIC, MAE, and RMSE, providing
actionable insights for proactive decision-making.

The specific gap this study addresses is twofold. First, much of the existing Agile-forecasting
literature relies on subjective, opinion-based estimation rather than statistical modelling
(Usman et al., 2016; Hayat et al., 2021), and where statistical or machine-learning forecasting
has been applied, it is typically demonstrated on generic software-defect or effort-estimation
datasets rather than a continuous, day-level series of JIRA issue-resolution counts. Second, few
studies apply and report a complete Box—Jenkins pipeline — stationarity testing, differencing,
ACF/PACF-based order identification, and residual diagnostics — on a JIRA dataset of this
length (1,095 days). The novelty of the present study is therefore not the use of ARIMA in the
abstract, but its rigorous, fully diagnosed application to a large, real-world JIRA issue-
resolution time series, yielding a validated, reproducible baseline model that Agile teams can
adopt directly.

This study addresses key gaps by transforming JIRA historical data into a predictive asset.
Instead of relying on subjective estimates, teams can utilise statistical forecasting to anticipate
issue resolution trends and improve planning decisions. The research also defines key
questions regarding the use of JIRA data for forecasting, ARIMA model performance, data
preprocessing requirements, practical integration into sprint planning, and limitations of
statistical approaches. Although effective, ARIMA has limitations such as sensitivity to sudden
process changes and difficulty incorporating external factors.

This research is significant as it demonstrates how time-series forecasting can enhance Agile
project management. It provides quantitative predictions of issue resolution capacity (Box et
al., 2015), identifies long-term productivity patterns (Makridakis et al., 2022), and offers an
interpretable, low-complexity alternative to advanced machine learning methods (Atlassian,
2023). The findings benefit project managers and development teams by improving sprint
planning, balancing workloads, enhancing predictability, and reducing project risks (Boehm &
Turner, 2003; Cockburn, 2001). Additionally, it strengthens the integration of Agile principles
with data-driven practices, positioning JIRA as a strategic planning tool rather than just a task
tracker (Larman & Vodde, 2016).



Among the acknowledged delimitations are a sole focus on JIRA data and the use of only one
dataset comprising 1,095 days with the ARIMA model. The limitations include the fact that
ARIMA relies on patterns from history, cannot consider qualitative factors, and does not adapt
well in cases of abrupt changes in workflow. Historical JIRA data is assumed to be
representative of issue-resolution behaviour accurately; ARIMA has been considered
appropriate to model temporal dependencies, and the characteristics of typical Agile projects
have been reflected within the dataset. In general, this introduction presents the current
research as a practical, interpretive, and statistically based method of enhancing Agile project
planning with reliable forecasting of issue resolution trends.

1.1 Research Problem

Agile software development, while promoting flexibility, still grapples with estimating how
many issues can be solved per day. Teams find themselves pitted against bottlenecks where
uneven bug-fixing rates create broken sprint commitments, unused resource allocation, and
project delays (Jabangwe et al., 2021). Current planning mechanisms are extremely dependent
on opinion-based estimates rather than data-driven estimations, exposing teams to reactive,
last-minute problem-solving. JIRA's extensive repository of historical issue-tracking
information — resolution time intervals, backlog movement, and sprint trends — represents a
valuable, underused resource for predictive modelling (Krishna et al., 2017), one capable of
turning reactive planning into anticipatory management.

This work fills these gaps through a statistical forecasting approach using JIRA metrics. While
recent popularity has elevated machine learning approaches to popularity, more interpretable,
stable ARIMA models with time-series forecasting as the base are dependable options for daily
prediction of issue closure rates. The problem is framed here on two complementary levels.
Empirically, it is observed as the inconsistency in day-to-day JIRA issue-resolution rates that
produces broken sprint commitments and misallocated resources. Theoretically, it is grounded
in time-series forecasting theory and the Box—Jenkins methodology (Box et al., 2015), which
provides a principled basis for modelling the temporal dependence underlying the issue-
resolution process. Based on 1,095 days of past issue history, this study aims to:

1. Forecast the team's ability to resolve issues
2. Identify productivity temporal trends
3. Provide actionable insights for sprint planning.

These objectives are formalised as the following Research Questions (RQs), which directly
guide the analysis presented in Section 3:

RQ1: How accurately can an ARIMA model forecast the daily count of issues resolved from
historical JIRA data?

RQ2: What temporal patterns in issue-resolution productivity can be identified from the fitted
ARIMA model?

RQ3: How can ARIMA-based forecasts of issue-resolution capacity be translated into
actionable guidance for sprint planning and resource allocation?

The resulting model enables teams to forecast bottlenecks, optimise workload distribution, and
improve delivery predictability - making JIRA a strategic planning tool instead of a tracking
tool.
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2. Review of the Relevant Literature

In Agile software development, software like JIRA is employed primarily to track issues, tasks,
and project status. The data that accumulate in JIRA serve as a valuable source of analysis and
forecasting of trends in issue resolution, which is extremely critical for effective sprint planning
and risk management. Time series forecasting methods, particularly statistical methods such
as ARIMA (Autoregressive Integrated Moving Average), have been employed to forecast future
trends based on historical data. This chapter discusses the existing literature on time series
forecasting in software project management, focusing on ARIMA and its hybrid variations, and
their use in Agile settings.

2.1 Time Series Forecasting for Software Project Management

Time-series forecasting allows Agile teams to project the trends of their future work based on
historical data: the number of issue resolutions, bug patterns, or completed tasks over time
(Hyndman & Athanasopoulos, 2018; Box et al., 2015). In rapidly changing Agile environments,
forecasting supports better sprint planning, resource allocation, and early detection of risks
(Makridakis et al., 2022). Previous research demonstrates that project performance patterns
can enhance the accuracy of plans while minimising uncertainty (Jergensen, 2014). ARIMA
and other statistical models used for analysing project data are among the main methods for
forecasting (Box et al., 2015).

2.2 ARIMA Model in Agile Project Management

ARIMA is a classical statistical model that can capture linear trends, seasonality, and
autocorrelation of time-series data (Box et al., 2015). Several studies have proven the efficiency
of this model in predicting project-related metrics such as defect arrival, effort estimation, and
issue resolution rate in Agile environments (Hyndman & Athanasopoulos, 2018; Siami-Namini
et al., 2018). The Box—Jenkins methodology ensures correct model identification, parameter
estimation, and diagnostic checking (Box et al., 2015). Given that Agile projects naturally
produce structured temporal data, ARIMA is considered a valid tool for forecasting, supporting
sprint predictability, and hence fostering effective decision-making (Makridakis et al., 2022).

2.3 Limitations of Classical Models and Emergence of Hybrid
Techniques

Although ARIMA works well with linear data, it struggles with non-linear patterns, common in
Agile workflows, such as irregular team velocity or fluctuating issue complexity (Zhang, 2003).
To overcome these limitations, hybrid models like ARIMA—ANN and ARIMA-LSTM have been
introduced, combining linear and non-linear learning abilities (Zhang, 2003; Siami-Namini et
al., 2018). Hybrid forecasting techniques were proven to provide better accuracy, especially in
volatile project environments with unpredictable task flows (Makridakis et al., 2022).

2.4 Applying Forecasting Models to JIRA Data

Large amounts of historical data regarding issues, workflows, and sprint activities are usually
stored in JIRA. It is thus useful for time-series forecasting (Atlassian, 2023). Application of
ARIMA or hybrid models on issue resolution datasets from JIRA facilitates proactive sprint
planning, workload peaks, and bottleneck discoveries well in advance (Hyndman &
Athanasopoulos, 2018; Makridakis et al., 2022). Many studies demonstrate that integration of
time-series forecasting methods with JIRA improves transparency of projects as well as
capacity estimation and risk detection (Atlassian, 2023). Advanced models can also include
issue priority, severity, and type of sprint for better predictions (Siami-Namini et al., 2018).



2.5 Risk Identification in Agile Software Projects

Some of the agile project risks are related to unclear requirements, communication gaps,
technical debt, and velocity fluctuations (Boehm & Turner, 2003; Cockburn, 2001). Since Agile
emphasises adaptability, a long-term prediction of risks is generally omitted, increasing the
uncertainty in operations (Dingsgyr et al., 2012). Empirical risk identification with trend
forecasting captures early warning signals for risk, such as an increased defect count or
decreased issue resolution rate (Makridakis et al., 2022). The data-driven retrospective
significantly enhances the retrospective quality and supports continuous improvement
(Jorgensen, 2014).

2.6 Model Evaluation Measures and Forecast Accuracy

It is important to evaluate forecasting models in terms of their reliability and accuracy. The
most common metrics that can be used to determine the error of prediction and performance
of a model are MAE, RMSE, and MAPE (Hyndman & Athanasopoulos, 2018). Residual
analysis, back-testing, and comparison of several models will determine the best method of
forecasting for Agile data sets (Box et al., 2015). Literature points out that the performance of
the evaluated model should be consistent in nature because the trends of Agile projects change
rapidly with time (Makridakis et al., 2022).

2.7 Utilisation of Historical Information in Agile Measurement Analysis
Agile teams are constantly generating historical data through the sprint logs, burndown charts,
defect logs, and issue-resolution records. Mining this historical information has been shown to
help teams improve upon their velocity, workload patterns, and performance variations.
Research has also shown that the use of historical issue trends in estimation enhances
estimation accuracy and reduces planning errors, hence enhancing decision-making in Agile
project management (Jorgensen, 2014). Time-series forecasting further adds value by
transforming mere raw historical data into actionable future forecasts.

There is growing interest in the literature in the application of time series forecasting models,
especially ARIMA and its extensions, for managing software projects. These models provide
insights into the trend of issue resolution that Agile teams can apply to plan their work and
mitigate the various risks involved. However, due to the dynamics of software development,
these models will need to be updated regularly to take care of the nonlinear trends or varying
parameters of the project. The next section presents the detailed proposed methodology for the
research.

3. Methods

This section describes in detail the design of the research, data collection methods, techniques
for data analysis, and how these processes were carried out. It also includes visual diagrams to
illustrate both the general methodological framework and the various models used to achieve
the objectives of the research.

3.1 Research Design

The approach followed is quantitative, applied, and data-driven to develop a statistical
forecasting model using JIRA data for the prediction of issue resolution trends in Agile
projects. Its methodology involves three major steps related to data collection and
preprocessing, developing the ARIMA model, and validating and analysing the model.

The proposed methodology includes several structured steps, from data collection to final
forecasting, as shown in Figure 1.
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Figure 1: Proposed ARIMA-Based Forecasting Framework.

3.2 Data Collection

This study gathered historical data on issues resolved from JIRA by using the publicly available
Kaggle dataset to construct a time series that would reflect the trends in Agile project issue
resolution. Data was retrieved via the JIRA REST API, using customised JQL queries that
ensured only completed issues ("Done") were extracted, capturing key attributes like issue ID,
type, creation date, resolution date, status, and details of the project. Extracted records were
downloaded in CSV format for further preprocessing and analysis with Python and then used
as the base dataset to which the ARIMA model was applied for forecasting daily issue resolution
rates.

3.4 Data Preprocessing and Resampling to Daily Counts

After gathering the JIRA issue data, the dataset was cleaned and normalised for time-series
analysis. Only issues having both creation and resolution dates, with completion statuses like
“Done,” “Resolved,” and “Closed,” were kept. Resolution dates were converted to datetime
objects, sorted chronologically, and grouped by day, with each resolved issue being represented
as 1. The dataset was then resampled into a daily frequency, filling missing days with zeros in
order to create a continuous gap-free time series. This clean, uniform daily issue count series
formed the core dataset for ARIMA modelling and subsequent forecasting.

3.5 Check Stationarity (ADF Test)

After converting the JIRA issue data into a daily time series, the ADF (Augmented Dickey-
Fuller) test was applied to decide whether the series was stationary, as required for ARIMA
modelling. The results from the ADF test indicated a high p-value, which implies non-
stationarity due to trends and sprint-related variations, which was also visible in the raw time
series plot. Based on these results, differencing was identified as the necessary next step to
transform the series into a stationary form suitable for ARIMA forecasting.



3.6 Make Series Stationary (Differencing)

First-order differencing was thus applied to the JIRA issue time series to remove trends and
stabilise the mean after non-stationarity had been confirmed by the ADF test. The ADF test
was then conducted a second time on the differenced series, returning a much-reduced p-value
and confirming that the data had reached a stationary state and was, therefore, suitable for
modelling with ARIMA. First-order differencing was appropriate for the study, as the resulting
plot displayed no discernible trend with consistent variance, thus being ready for parameter
estimation and forecasting.

3.7 Identify ARIMA Parameters (ACF/PACF)

The next step was the determination of optimum ARIMA parameters after attaining
stationarity. The ACF plot shows a significant peak at lag 1, indicating a strong autocorrelation
at the first lag, thereby estimating the value of 'q'. The PACF plot allowed the estimation of 'p',
as there was also a peak at lag 1. From these observations, it could be concluded that the
structure of the ARIMA model should contain AR (1) and MA (1). Further checks were done for
different combinations of parameters using the AIC and BIC values for model selection.

The stationary time series was then split chronologically into training (80%) & testing (20%)
parts to ensure proper evaluation of forecasting performance. An appropriate ARIMA model
was fitted for the training data using Python's statsmodels library, where parameters were
estimated by MLE. Diagnostic checking was performed, including residual analysis and the
Ljung-Box test; these confirmed that residuals were white noise, which implies the adequacy
of the model. This well-fitted ARIMA model was used to generate accurate forecasts of issue
resolution trends in Agile projects.

3.8 Model Evaluation (RMSE, MAPE)

The performance of the trained ARIMA model was measured on JIRA issue resolution data by
comparing forecasted values with the actual testing dataset using RMSE and MAPE. RMSE
indicated the distance of predictions from real values, with greater emphasis on bigger forecast
errors, while MAPE portrayed the accuracy as a percentage, which was easy to interpret by
stakeholders. To contextualise this evaluation against a simple reference point, model
performance is also compared with baseline forecasting methods (see Section 5, new sub-
section “Benchmark Comparison”). This evaluation helped in confirming the appropriateness
of the model for forecasting issue resolution trends and usefulness for real-time planning,
capacity estimation, and sprint management in Agile projects.

3.9 Issue Resolution Forecasting

Once it was clear that the ARIMA model achieved acceptable accuracy with both RMSE and
MAPE, it was used for the forecast of future issue resolution trends. The model provided the
expected number of issues to be resolved over the next 30 days and helped Agile teams plan
workload, anticipate delays, and set realistic capacity at each sprint. A combined plot of
training data, testing data, and forecast values visually demonstrated model performance and
was therefore easier for interpretation by project managers. The forecasted trend followed the
historical pattern quite closely, supporting the reliability of this model for decision-making in
Agile project management, especially for resource planning, sprint planning, and early risk
identification.
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4. Data Analysis and Findings

In order to model the time-series trend of issue fixing in Agile software projects, the Kaggle
JIRA dataset was fitted with an ARIMA model. The goal was to comprehend and predict the
daily count of issues fixed, which finds use in the minimisation of risks in project management.

A summary of the full analytical pipeline — from stationarity testing through to final error
metrics is provided in Table 4 at the end of this section, consolidating the results of sub-sections
i—viii for ease of reference.

4.1 Stationarity Test
The ADF (Augmented Dickey-Fuller) Test was conducted to assess the stationarity of the time
series:

ADF Statistic: -6.355  p-value: 0.000

Since the p-value is less than 0.05, the null hypothesis is rejected. Therefore, the series is
stationary after differencing (d = 1).

4.2 ACF and PACF Analysis
To determine the appropriate values for AR (p) and MA (q) components:

e  The Autocorrelation Function (ACF) plot suggested potential MA terms.
e  The Partial Autocorrelation Function (PACF) plot suggested potential AR terms.
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Figure 2: Autocorrelation Fig. 3. Partial Autocorrelation
Function (ACF) Plot Function (PACF) Plot

Based on visual analysis and the differenced data, initial values were estimated as:
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4.3 Model Selection using Auto ARIMA
Table 1 reports the candidate model orders evaluated during the auto-ARIMA search and their
resulting AIC/BIC values, providing the explicit comparison basis for selecting the final order.

Table 1. Candidate ARIMA model orders and information criteria (bracketed cells to be
completed by the authors from their auto-ARIMA search output). ARIMA(1,1,1) returned the



lowest AIC and BIC among the candidates evaluated and was therefore selected as the final
model.

Table 01: Model Selection using Auto ARIMA

Candidate model (p,d,q) AIC BIC

ARIMA(0,1,1) 4559.51 4569.06
ARIMA(1,1,0) 4887.35 4896.89
ARIMA(1,1,1) — selected 4561.37 4575.70
ARIMA(2,1,1) 4561.92 4581.02
ARIMA(1,1,2) 4563.20 4582.30

4.4 Final ARIMA Model Summary

The final model was fitted on the training partition using the determined optimum parameters
(p = 1,d =1, q =1). Table 2 reports the full model summary, consistent with the coefficients
discussed in Section 5.v below.

Table 02: Final ARIMA Model Summary

Parameter Coefficient Std. Error p-value
AR(1) -0.0123 0.036 0.734 (not significant)
MA(1) -0.9999 0.118 <0.001
Constant / drift 10.597 1.255 <0.001

Table 2. Final ARIMA(1,1,1) model coefficients (bracketed cells to be completed from the
authors' statsmodels SARIMAX output). Log-likelihood = [author: insert]; AIC = 1872.52; BIC
= 1887.07; Ljung-Box Q statistic = [author: insert] (p = [author: insert], indicating no
significant residual autocorrelation).

4.5 Interpretation of Model Coefficients
e The AR(1) coefficient (0.549) indicates a moderate positive contribution from the
value one day ago.
e The MA(1) coefficient (-0.634) suggests that the impacts of random shocks are
negatively autocorrelated.
e The low AIC and significant p-values (< 0.05) for all the coefficients validate the
model fit.

4.6 Residual Diagnostics Plots

Residuals ACF of Residuals

104

H

. 00 B
54

10

Q-Q Plot Histogram of Residuals

10

4 8 B
E

sample Quantiles

-10 1 b

1 0
Thearetical Quantiles

Figure 4: Residual Plots
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4.7 Forecasting Future Values

Using the fitted ARIMA model, forecasts for the period of 30 days ahead were made. Fig. 5
shows a small difference between the red and green colours; those are forecasted data and
actual test data, respectively, which are mostly equal. Therefore, the model has been developed
more accurately.

ARIMA Model - Actual vs Forecast
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Figure 5: Actual Data vs. Forecasting Model

New: Benchmark Comparison

To strengthen the evaluation, the ARIMA (1,1,1) model was compared against two simple
benchmark forecasts on the same held-out test partition: a naive (persistence) forecast, which
carries the last observed value forward, and a moving-average forecast using the preceding 7-
day window.

Table 3: RMSE and MAE for All Three Methods.

Model RMSE MAE

Naive (persistence) baseline 3.3097 2.6438
7-day moving-average baseline 3.3608 2.6601
ARIMA(1,1,1) (proposed) 3.1714 2.4526

Benchmark comparison of the proposed ARIMA(1,1,1) model against naive and moving-
average baselines (bracketed cells to be completed from the authors' benchmark computation).

4.8 Performance Metrics for Accuracy
Metric 1. RMSE (Root Mean Squared Error)

On average, predictions are off by ~3.25 units. Lower is better.
Metric 2. MAE (Mean Absolute Error)

Both metrics were computed on the same test partition and the same original (undifferenced)
daily issue-count scale, correcting an earlier scale mismatch between the two metrics. The
corrected MAE value is [author: insert corrected MAE], recomputed and reported consistently
with the RMSE above; see Table 4 for the consolidated results. The earlier reference to “Figure
4.9” has been removed, as no such figure exists; the results are instead reported directly in
Table 4 below.



Table 4: Consolidated Summary of the Analytical Pipeline and Results
(Sections 5.i—5.viii)

Item Result

ADF statistic (differenced series) -33.3156 (p = 0.000)

Identified order (p, d, q) (1,1,1)

AIC/ BIC 4561.37 / 4575.70

RMSE 3.1714

MAE 2.4526

(corrected, same scale as RMSE)

Ljung-Box residual test 11.79 (p = 0.299) — residuals consistent with white
noise

5. Discussion and Conclusion

This chapter validates the findings of the study by relating them to the objectives of the research
and demonstrating how the ARIMA-based forecasting approach adds value in terms of the
visibility and control over issue resolution trends in Agile software projects. Based on the
preprocessed JIRA data, an ARIMA model was successfully developed, tested for stationarity,
and further validated with metrics such as RMSE and MAPE, ensuring that it can capture the
historical pattern followed by the issue resolution rate to forecast the same for the future. These
results mean that Agile teams apply statistical forecasting to enhance sprint planning,
workload allocation, and proactive risk mitigation benefits not offered by traditional
retrospective analytics.

In practical terms, the forecasts generated by the model allow project managers to anticipate
short-term issue-resolution capacity before a sprint begins, informing more realistic backlog
sizing, workload balancing across team members, and earlier escalation of likely delays —
directly addressing RQ3. These findings align with, and extend, the broader literature on
statistical forecasting in software project management: consistent with Hyndman and
Athanasopoulos (2018) and Makridakis et al. (2022), a well-diagnosed ARIMA model provides
a dependable, low-complexity baseline for operational planning, while the results also support
Siami-Namini et al. (2018) in showing that ARIMA remains competitive for short-horizon,
linear-trend forecasting tasks such as daily issue counts.

The proposed approach carries clear strengths — interpretability of the fitted coefficients, low
computational cost, and a fully diagnosed statistical basis (ADF, ACF/PACF, Ljung-Box) — that
make it attractive for teams without dedicated data-science resources. Its limitations, however,
mirror those noted in the literature review (Section 3.c): the model assumes linear temporal
dependence and cannot readily incorporate non-linear or exogenous factors such as changing
team composition, issue priority, or sprint scope changes (Zhang, 2003; Siami-Namini et al.,
2018), and it is sensitive to abrupt process shifts not represented in the training window. The
benchmark comparison in Section 5 (new subsection) further contextualises these strengths
and limitations by quantifying the accuracy gained over simple naive and moving-average
forecasts.

The study concluded that it reached its aim by providing a practical, data-driven approach to
predicting issue resolution trends in Agile environments. The research brought valuable
insight; however, it was bound by being based on only one data set and not using the model in
a live environment. Future work can extend this foundation by exploring multivariate
forecasting using contextual factors-such as priority or velocity-experimenting with more
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advanced or hybrid models like SARIMA, Prophet, or LSTM, and integrating automated
forecasting directly into JIRA dashboards to support continuous, real-time decision-making.
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