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Abstract

Purpose: The aim of this study is to use the data of past projects and align the skills of
employees with the needs of certain bugs, thus enhancing the quality of outputs and reducing
time taken to find solutions to a specific issue. To build a universal, competency-based
strategy of bug assignment, the research also tends to create a framework, which could be
extended to other projects.

Methodology: The data of one of the privately held companies that are under analysis
includes important project items such as Bug ID, Product, Component, Assignee, Priority,
Severity, and Skill Level. These are essential aspects that are analyzed to identify trends that
can lead to a smarter allocation process. Data-driven allocation strategies are created with
the help of pattern mining rules and machine-learning algorithms used to disclose the hidden
correlations between characteristics. Its methodology is directed at the aligning of personnel
talents and the difficulty of the task within the complex decision-making environment based
on the analysis of previous information in the software development projects.

Results: The findings indicate that the algorithm is capable of identifying good solutions
when it is used to combine diverse tasks, including project history analysis, determining the
severity of bugs and deploying relevant skills in debugging them. The accuracy achieved is
97.02%

Conclusion: This study provides a new method of project efficiency and maintenance op-
timization through the ability to match employee skills with the needs of the tasks with the

4992

Citation: Racharla Mamatha, et al. Data-Driven Optimization of Bug-to-Expert Assignment in Software Development. Advances in
Artificial Intelligence and Machine Learning. 2026;6(1):277. https://dx.doi.org/10.54364/AAIML.2026.61277



https://www.oajaiml.com/ | February 2026 Advances in Artificial Intelligence and Machine Learning

help of machine learning algorithms and historical data. When applied in a large number of
projects, the proposed method can transform the process of managing and allocating tasks in
the sphere of software development and other industries. The framework provides a policy
of enhancing efficiency and management of resources in various industries than software
engineering. On the whole, when businesses aim at enhancing the productivity, the report
suggests the smart approach to resource distribution and the simplified procedures that can
be scaled.

Keywords: Software development, Frequent pattern mining, Rules for association, Alloca-
tion, Optimization.

1. INTRODUCTION

The process of discovering helpful information that is usually buried in large volumes of data or
data repositories, and this are called data mining [4], which can greatly transform the world. Effec-
tive talent recruitment and building of effective strategies of large organizations and government
bodies require the understanding of the competency and the nature of the employees. Using data
mining technologies, the organizations will be able to retrieve the human resource information in
databases and give a detailed information about the employee performance[1, 6, 7], identification
of patterns, and identification of the missed factors that can influence decisions. There are many
industries in which data mining methods have been successfully used in finance, healthcare, retail,
manufacturing, telecommunications, and customer service. These techniques have been applied
in Human Resource Management (HRM) in intelligent defect diagnosis, talent acquisition, cat-
egorization of employees, evaluation of performance, and planning strategies. The data mining
techniques employed by researchers have been varied and some of them include artificial neural
networks, K-means clustering, decision trees, predictive modeling and association rule mining using
the Apriori algorithm. These practices have been incorporated in HR systems to enhance recruitment
procedures, performance appraisals, pay scales as well as employee welfare schemes using data
mining & Fuzzy logic techniques[11, 12]. Application of data mining to the HR practices like
hiring, personnel selection, training and job performance assessment is promising to a large extent.
However, there are still challenges of employee turnover and retention. Specific measures should be
taken to overcome these difficulties with the help of building a robust corporate culture, laying stress
on talent forecasting and planning, and developing talent market development programs. Human
resource management should be given priority in the organizations because it directly influences the
forces within the workplace and the competitive advantage. As an example, project management,
including budgets and project schedules, is crucial in software development companies, and fair and
effective distribution of tasks is a significant factor. The assignment of the tasks may reduce the
productivity of the teams, and the quality of the projects may be compromised when the allocation
of tasks is incorrect or ineffective. Proper allocation of human resource to projects can result into
increase in revenue, satisfaction of clients and the general success of the organization.

HRM assignment of employees to project teams is a complicated task that requires due consideration
of a number of factors. Project managers should be able to predict the labour and skills needed to
bring successful projects. Poor allocation strategies may hinder developments and counter expected
gains. An accurate process of selection is important so that members of the project can be allocated
according to their talent and what is being required by the jobs. With the increase in the complexity
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of the software projects, the necessity of efficient human resource allocation methods becomes more
essential. The technological developments are making HR allocation procedures easier[14, 17],
making tasks management more efficient and burdening the project managers less. Having a clear
HR allocation plan[8] makes the planning and schedule planning simple as resources are utilized at
the best level possible to meet the objectives proposed.

2. BACKGROUND STUDY

Leif Jonsson [1] and his co-authors highlight the need to properly assign bug reports when it comes
to the maintenance of software, particularly large development projects. Proper assignment helps
to avoid costly errors. Despite the existing research on the application of machine learning to bug
allocation in open-source projects, the application to enterprise settings is surprisingly scarce. Their
analysis shows that machine learning classification methods can be used to enhance the performance
of bug assignments in the industrial context significantly, especially with ensemble learning methods
such as Stackable Generalization (SG).

Junjie Che[5] and colleagues analysed the huge online service systems at Microsoft and discov-
ered that the allocation of incident report is wrong especially the critical ones that are classified
as high severity leading to serious time and financial consequences. Between 4.11 per cent and
91.58 per cent of reports require reassignment, and erroneous assignments can add up to 10.16
times to incident triage. The existing methods used to triage bugs can be modified to meet the
requirements of incident triage, however it is necessary to make significant improvements to deal
with early allocations. This practical study that particularly focuses on industrial use is informative
to researchers and practitioners who would wish to advance the incident triage methodology in large
web-based systems.

Anjali Goyal and Neetu Sardana| 3] also point at the critical role that effective bug allocation assumes
in dealing with a large number of problem reports during the software development process. In their
studies, they found that information retrieval methods are more useful in the context of assigning
bugs to individuals compared to machine learning because the former outperforms machine learn-
ing when it comes to suggesting developers to work on particular problems. This conclusion is
supported by the analysis of repositories of such famous projects as Mozilla, Eclipse, GNOME,
Open Office.

Ramya C., Paramesh S.P., and Shreedhara K.S[2]. suggest that automated classification through
the standard machine learning technique can be used as a solution to the issue of improper routing
in IT service desk tickets. Their study evaluates the accuracy of three group techniques, which
are Bagging, Boosting, and Voting in enhancing categorization accuracy. Ensemble classifiers
performed better than their respective base counterparts in experiments done using real-world data
of a large-scale corporate IT system. The results mentioned above show many benefits, such as
a more user-friendly interface, quicker fixing of issues, greater productivity, increased customer
satisfaction, and general improvement in the business.
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3. METHODOLOGY

The research is based on a database obtained in one of the Indian privately owned businesses, where
150 employees work. The study is aimed at examining the different characteristics associated with
projects in order to unearth trends, which are:

Bug ID: Each bug has a unique code assigned to it.

* Product: refers to the type of software product related to the bug.

» Component: Identifies the exact location within the software of the bug.
 Assignee Name: This name is assigned to the individual to repair the bug.
* Priority: This is the urgency of the bug fix according to its importance.

* Severity: Assesses the degree of effects of the bug, the problems may be the trivial ones or
the issues that are critical.

Skill: defines the specific abilities of the person that will be tasked with handling the bug.

The aim is to determine trends, as well as correlation, that can enhance practices relating to bug
assignment. Through the analysis of the data provided by the company, this study will help to
refreeze the matching of the bugs with the employees with references to the skills fit and previous
information. The data includes the records that are associated with the bug assignments that are
managed by the software development team. The standard pattern mining tools are used to identify
the patterns in assigning various types of bugs to various team members. The level of experience
of the workers, the categorization of bugs, the ratings on severity and the time of task are some
important factors to take into account.

The results are expected to provide meaningful information that will improve the effectiveness of
the team and the practice of a bug assignment. The identification of these trends can result in the
achievement of better working results, the streamlining of the work process, and a more efficient
matching of bugs to the competencies of the team members. The researchers suggest a multi-step
algorithmic approach to bugs optimization as shown in FIGURE 1:

Step 1: Obtaining a wide range of data of the private firm.

Step 2: Use data cleansing and preprocessing techniques to prepare the obtained data to be
used in training machine learning models. Adopt the use of optimization methods to find and
mine the prominent trends in the data.

Step 3: Develop a system to match the proficiency of each employee to the seriousness of the
bugs.

This strategic fit aims at maximizing resource utilization by ensuring that the best people are
assigned to deal with specific levels of bugs.

Stage 4: Compare and in-depth analyze the various machine learning approaches. In order to
determine the effectiveness of each approach, determine their effectiveness based on signifi-
cant measurements.
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Figure 1: Workflow diagram of bug assignment process

Stage 5: Compare the best bug assignment optimization algorithm based on the data of accu-
racy and performance as shown in FIGURE 2.

| | % Ranking Technique ﬁ
— Selected developer to assign new bug
New reported bug -

Developers Skills

Figure 2: Bug to Employee Assignment method

Software development has bug tracking or problem tracking systems that collect and manage bug
information. The techniques are necessary in identifying, documenting, and managing the software
bugs. Many of the popular issue tracking solutions have been heavily utilized during the life cycle
of software development. These systems are typically found by testing professionals or quality
managers and put the information about software errors into them. Bug tracking solutions enable
stakeholders and project managers to access bug data fully to track and evaluate it and receive
information about bugs. This paper concentrates on the attributes, which are presented below in the
TABLE 1, of bugs, but most studies on software bug triaging use publicly available data on freely
available software projects.

Six essential steps comprise the study’s suggested methodology:

Step 1: Data Collection A collection of bug reports, each with a corresponding severity
rating, and a list of staff members and their skill sets is the input data.

Step 2: Data Preprocessing To enable more efficient analysis, convert the bug severity and
employee skills into categorical values (e.g., low, medium, high).

Step 3: Frequent Pattern Mining To find common itemsets associated with problem severity
and employee skills, use frequent pattern mining methods like Apriori or FP-Growth.

4996



https://www.oajaiml.com/ | February 2026 Advances in Artificial Intelligence and Machine Learning

Table 1: Characteristics of a software bug report.

S.No Attribute Meaning

1 Bugid A bug id is a unique integer number

2 title Brief summary of a reported bug

3 description Detailed information of reported software bug
4 priority It represents priority of the bug

5 severity It represents severity of the bug

6 component Used Software component in project

7 state state of software bug

8 opened/submitted first-time submission date of bug

9 Modified/updated software bug last updated date

10 assigned-to Developer to whom the bus is assigned

11 reported-by Developer details who has identified and reported the bug

Step 4: Rule Generation for Resource Allocation Create association rules using the fre-
quently occurring itemsets as a guide. These guidelines forecast the probability that workers
possessing a particular skill set will deal with various patterns of bug severity.

Step 5: Resources Allocation.

We are going to evaluate the severity of any bug report and the related features in correspon-
dence with the pre-developed criteria. Once we have a good fit in terms of necessary skills,
we can outsource the task to the most able person or team to carry out the task.

Step 6: Introduction of the Resource Allocation.

Each bug report will show the assigned individual or team and a breakdown of his or her
qualification. The approach enables us to organize resources allocation in a systematic, data-
based way, which will guarantee the organization of the resources with regard to skills of our
staff and the urgency of the problems.

3.1 Substantia Nigra Mining Frequent Patterns (MFP)

Mining of frequent patterns commonly known as MFP is a crucial data mining method whose aim is
to identify the recurrent trends or item groupings among vast sets of data. This method is versatile
and can be used in various areas such as web mining, DNA sequence analysis and market basket
research. The main goal of MFP is to find groups or events which are observed within the dataset
with a high frequency, so that organizations can make informed decisions with the help of data and
use the knowledge in the area of product associations.

3.2 Process Flow of Frequent Patterns Mining of Bug Assignment:

The frequent pattern mining algorithm works on a number of processes to compose useful infor-
mation of data in terms of transactions or sequence. We begin the process by preparing the data, in

4997



https://www.oajaiml.com/ | February 2026 Racharla Mamatha, et al.

which we collect the dataset and carry out cleaning, which is solving any missing entries and any
duplications. Next we convert the cleaned data into itemsets or sequences, which constitute item
collections of transactional data and the sequences of sequential data. We then establish a support
threshold in order to decide what frequency is needed to consider a pattern frequent. The data is
then swept to assess the frequency of possible itemsets or sequences. Patterns that fail to meet the
support criteria are removed and we rebuild the candidate pool to use in the next iteration as well as
remove unused itemsets. The cycle repeats itself till we are left either with no new prevalent trends
or with patterns of maximum length. In the end we give the corresponding support counts and the
identified frequent itemsets or sequences. As a further step, we can consider association rule mining
that will demonstrate relations between items which we will evaluate with the help of a simple level
of confidence. The main rules will be offered with their confidence rates and measuring scales
after the analysis of the created association rules on the basis of such metrics as lift, conviction, and
Interest.

3.3 Metrics Used in FPM

Frequent Pattern Mining (FPM) employs various metrics to evaluate the significance and quality of
the discovered patterns. The most intriguing and significant patterns are filtered out with the aid of
these measurements. Here are a few often used metrics:

Support: Support quantifies the frequency with which a specific pattern occurs within the
dataset. It is determined by dividing the total amount of transactions by the number of occur-
rences that have the pattern. More frequent patterns are indicated by higher support levels.

Confidence: Confidence shows the conditional chance that the subsequent item or items
will exist in a transaction given the presence of the antecedent item or items, indicating the
dependability of an association rule. Stronger correlations are indicated by higher confidence
levels.

Lift: In an association rule, lift measures how strongly the antecedent and consequent el-
ements are related to one another. It contrasts the rule’s actual support with what would
be expected if the antecedent and consequent were unconnected. A positive correlation is
indicated by a lift value more than 1, whilst a negative correlation is shown by values less
than 1.

Conviction: Conviction quantifies how dependent the antecedent and subsequent things are
on one another. It is computed as the ratio of the probability that the rule will be broken to
the probability that the next item will not occur in a transaction. Stronger relationships are
indicated by higher conviction levels, whilst weaker dependencies are suggested by values
nearer 1

Interest: Interest evaluates an association rule’s relevance by contrasting the observed support
with what would be predicted if the antecedent and consequent were independent. A more
intriguing and important regulation is indicated by a higher interest value. The most important
measures of this paper to assess and quantify the quality of patterns that have been discovered
are Support and Confidence. The methods are applicable in establishing the existence of vital
and credible relationships in the data collection.
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4. RESULTS AND DISCUSSION

Use of ROC curves is done so as to measure and estimate efficiency of various machine learning
techniques. The curves would depict the distinction that a model would make between positive and
negative set by plotting the true positive rate (sensitivity) and the false positive rate (1-specificity) at
different levels of classification. Comparison of ROCs reveals that Support Vector Machine (SVM)
gives the best desired results on the test data are shown in FIGURE 3 and FIGURE 4.

Figure 3: ROC curve showing minor and critical bug category
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Figure 4: ROC curve for trivial bug category

The findings prove that the algorithm can find good solutions in the right way by a number of actions
being combined which includes studying the history of the project, diagnosing the severity of the
bugs, and providing the right skills to fix them as shown in TABLE 2. To some extent, this approach
examines the frequency with which various patterns in the data have taken place.
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Table 2: Bug assignment comparative study with existing study

S.No Paper Methodology used Performance

1 Bhatttacharya et. al. 2012 [9] Naive Bayes and SVM Accuracy 86.09%

2 Xuan et. al. 2014 [10] Feature Selection and Instance Accuracy 81.3%

3 Yin et. al. 2018 [15] feature selection algorithm Accuracy 71.2%

4 Xian et. al. 2016 [13] Multi label learning F-score = 0.56 — 0.62
5 Xiet. al. 2019 [16] Classification Accuracy 0.799%

4 Proposed study ML with Mining algorithms Accuracy 97.02%

F-score = 90.05%
Precision = 84.06%
recall = 97.23%

Association Rules

Number of rules: 40
Selected rules: 1
Covered examples: 5

Rules
Supp Conf Covr Strg Lift Levr Antecedent Consequent
0393 0744 0528 0770 1829 0178 Severity=normal — Sikll =C DB HTML
0146 0731 0200 0738 4951 0117 Severity=critical — Sikll =JS Angular,DB Java
0111 0679 0164 0702 5900 0.093 Severity=major — Sikll =Angular,DB,C Java
0038 0732 0051 0758 18850 0036 Severity=blocker —  Sikll =Network, DB HTML
0034 00684 0528 0126 0965 -0.001 Severity=normal —  Sikll =Angular,DB,C
0030 0057 0528 0092 1165 0004 Severity=normal — Sikll =DB,Java,Angular
0028 0052 0528 0097 1.016 0.000 Severity=normal — Sikll =Python, DB, Java
0020 1000 0020 1000 49938 0020 Severity=enhancement — Sikll =\VB.DB C HTML
0.016 0081 0200 0331 1225 0003 Severity=critical —  Sikll =Angular,DB,C
0014 00689 0200 0258 1340 0003 Severity=critical —  Sikll =Python DB Java
0014 0026 0528 0043 1157 0.002 Severity=normal — Sikll =Java,DB Angular
0014 0550 0025 0550 39950 0013 Severity=minor —  Sikll =DB HTML
0013 0024 0528 0045 0997 -0.000 Severity=normal —  Sikll =C++ Angular,DB
0011 00689 0164 0405 1036 0000 Severity=major —  Sikll =Angular,DB C
0010 0061 0164 0061 6099 0008 Severity=major — Sikll =Network Java Angular DB
0009 0053 0164 0313 1.041 0.000 Severty=major — Sikll =Python,DB,Java
0.008 0037 0200 0244 0768 -0.002 Severity=critical —  Sikll =DB,Java,Angular
0006 0038 0164 0145 1605 0.002 Severity=major — Sikll =C++ Angular,DB
0.005 0200 0025 16250 0492 -0.005 Severity-minor —  Sikll =C,DB,HTML
0.005 0025 0200 0081 1537 0002 Severity=critical —  Sikll =java,C,DB
0.005 0031 0164 0099 1877 0002 Severity=-major — Sikll —java,C,DB
0.004 0073 0051 1293 1103 0.000 Severity=blocker —  Sikll =Angular,DB,C
0.004 0023 0164 0298 0469 -0.004 Severity=maior — Sikll =DB.Java.Anaular

Figure 5: Assessment rules showing antecedent and consequent

The study finds out that one may require knowledge of C, databases, and HTML to resolve smaller
problems, but major bugs may demand skills in DB, Java, and AngularJS. Exploring the opportu-
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nities of its pattern recognition, the algorithm provides the impression of what the severity of bugs
can be compared to the appropriate skills, thereby aiding in a more efficient utilization of resources
and more efficient handling of problems which is shown in FIGURE 5.

5. CONCLUSION

These outcomes point at the significance of aligning capabilities and bug allocations to enhance
the problem-solving skills of team members and the exploitation of the resources at their disposal.
When the skills of a team member perfectly fit the needs of a problem, his or her contribution
to the success of the entire project and the performance of a single individual can be significant.
The methods and inferences of this study can be applied to the bug management scenarios in
various industries and with different sizes of the organization instead of being confined to the
small business under study. The proposed approach offers a structured and information-oriented
approach to enable more accurate and efficient decision-making when allocating tasks as software
systems are increasingly becoming complex. Therefore, the article is a step toward more specific
and productive bug assignment, which will eventually lead to improved software and customer
satisfaction. Moreover, the researchers can advance this framework to research its implementation
in the diverse areas where it is essential to assign tasks in an optimal manner. Such developments
may further reinforce the role of intelligent task allocation in promoting productivity, consistency
and quality of the outcome in a range of operational setups. To make this framework better in
the future, additional components can be included such as learning curves, developer workload as
well as changing skill sets. In dynamic projects, the use of advanced machine learning models can
improve flexibility and accuracy in prediction.
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