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ABSTRACT 
 
Context: Continuous Integration (CI) is a software development practice where a developer 
integrates a code into the shared repository. And, then an automated system verifies the code 
and runs automated test cases to find integration error. For this research, Ericsson’s CI system 
is used. The tests that are performed in CI are regression tests. Based on the time scopes, the 
regression test suites are categorized into hourly and daily test suits. The hourly test is 
performed on all the commits made in a day, whereas the daily test is performed at night on 
the latest build that passed the hourly test. Here, the hourly and daily test suites are static, and 
the hourly test suite is a subset of the daily test suite. Since the daily test is performed at the 
end of the day, the results are obtained on the next day, which is delaying the feedback to the 
developers regarding the integration errors. To mitigate this problem, research is performed to 
find the possibility of creating a learning model and integrating into the CI system, which can 
then create a dynamic hourly test suite for faster feedback.  
 
Objectives: This research aims to find the suitable machine learning algorithm for CI system 
and investigate the feasibility of creating self-learning test machinery. This goal is achieved 
by examining the CI system and, finding out what type data is required for creating the learning 
model for prioritizing the test cases. Once the necessary data is obtained, then the selected 
algorithms are evaluated to find the suitable learning algorithm for creating self-learning test 
machinery. And then, the investigation is done whether the created learning model can be 
integrated into the CI workflow to create the self-learning test machinery.  
  
Methods: In this research, an experiment is conducted for evaluating the learning algorithms. 
For this experimentation, the data is provided by Ericsson AB, Gothenburg. The dataset 
consists of the daily test information and the test case results. The algorithms that are evaluated 
in this experiment are Naïve Bayes, Support vector machines, and Decision trees. This 
evaluation is done by performing leave-one-out cross-validation. And, the learning algorithm 
performance is calculated by using the prediction accuracy. After obtaining the accuracies, the 
algorithms are compared to find the suitable machine learning algorithm for CI system.  
 
Results: Based on the Experiment results it is found that support vector machines have 
outperformed Naïve Bayes and Decision tree algorithms in performance. But, due to the 
challenges present in the current CI system, the created learning model is not feasible to 
integrate into the CI. The primary challenge faced by the CI system is, mapping of test case 
failure to its respective commit is no possible (cannot find which commit made the test case 
to fail). This is because the daily test is performed on the latest build which is the combination 
of commits made in that day. Another challenge present is low data storage. Due to this low 
data storage, problems like the curse of dimensionality and class imbalance has occurred. 
 
Conclusions: By conducting this research, a suitable learning algorithm is identified for 
creating a self-learning machinery. And, also identified the challenges facing to integrate the 
model in CI. Based on the results obtained from the experiment, it is recognized that support 
vector machines have high prediction accuracy in test case result classification compared to 
Naïve Bayes and Decision trees.  
  

Keywords: Machine learning, Classification, 
Continuous Integration, Test case prioritization, 
Regression Testing. 
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1 INTRODUCTION 
 

Continuous Integration (CI) is a software development practice, where developers integrate 
their code into a shared repository, and then an automated system verifies the integrated code 
by running automated test cases to detect integration errors early [1].  CI has its root in extreme 
programming (XP), which is one of the software development methodologies, designed for 
improving software quality. A CI framework frequently involves using a CI server that 
automates the building procedure. When a developer has fixed a bug or added a feature, the 
code commit is tested initially and built, before it is pushed into the CI server [2]. Once the 
testing is done, feedback is obtained to the developers on the executions whether the test is 
passed or not [3]. 
 
There are several benefits of using a CI system. Firstly, due to the frequency of builds and 
tests, the bugs can be easily identified and fixed. And, it is easier to find and fix the bugs 
because each code commit is tested separately before merging into the mainline. Second, the 
possibility of integration errors is reduced because here code integration is not an unpredictable 
task that is performed at the end [2]. 

 
In Software development, testing is the process which is done on an application for finding 
software bugs [4], whereas, in CI, regression testing is performed. The testing which done on 
software, to learn whether the newly made changes affects the unchanged parts of the software 
is known as regression testing [5].  

 
In CI, regression testing is bounded by a fixed time constraint. The reason behind this time 
constraint is that for obtaining fast feedback, the regression test suites are categorized based 
on test scopes and executed. For this reason, the test cases are prioritized for accomplishing 
the time and the testing goals. The test case prioritization is done using various techniques. 
Some techniques are, prioritizing the test cases by analyzing the effects of changes, based on 
the combination of fault detection rate over time, etc. These techniques help in reducing the 
testing time and increase fault detection rate [6]. 

 
Ericsson which is a multi-national networking and telecommunication company is using CI 
for their software development. Here for regression testing, the test suites are divided into three 
suites which are hourly, daily, and weekly. For this study, the focus is on only the hourly and 
daily tests because these two test suites are executed on a regular basis.  

 
The hourly test suite is a subset of the daily test suite. The test cases prioritization for the 
hourly test suite is done based on the test case importance and its functionality for the product 
development. The product data used for this study is MINI-LINK PT 2020 which is an outdoor 
unit for Microwave Networks. 

 
In Ericsson, each test suite has predefined test cases for the product. The two test suites (hourly, 
daily) are static for every test. The hourly test is run on each software build to find the 
integration errors, and the results of this test are obtained with an hour. Whereas, the daily test 
is executed at the end of the day only on the latest build that has successfully passed the hourly 
test. Since the daily test is performed at night; the results will be obtained on the next day. So, 
if there are any integration errors, it is also found on next day. 

 
As it is mentioned previously, the hourly test suite is a subset of the daily test suite, and both 
the test suites are static. These two reasons are the primary problems in the present CI 
environment. It causes a problem because the test case prioritization for the hourly test suite 
is done based on the test case priority in the product development. Due to this way of test case 
prioritization, the integration errors are found more in the daily tests rather than in hourly test. 



 

2 
 

And, these integration errors in the daily test results are delaying the feedback for the 
developers from one hour to one day and eventually delaying the product release. To solve 
these problems, Ericsson wants to create a CI machinery which can adapt to various test suites 
based on the time scopes and prioritize the test cases which should run in the different test 
suites based on the risk. 

  
For this problem, learning algorithms are investigated to know which is the suitable learning 
algorithm for creating a learning model. And, to find the feasibility of creating a self-learning 
test machinery. The motivation for selecting the learning algorithms for this problem is that 
these algorithms provide the system an ability to learn from the past experiences. These 
algorithms also find patterns in the data and can make predictions for new input data. By using 
these learning algorithms, CI system can learn and prioritize the test cases that might fail due 
to the risk, i.e., based on the commit changes made by the developer. For this reason, the 
learning algorithms are used for this study. 

  
In biological as well as in artificial aspects, the problem of learning and decision making are 
the core level of arguments. Machine learning is introduced as an extensively used approach 
in artificial intelligence. It teaches the machines to adapt to circumstances and find patterns 
using the system data. And, also it adjusts to the virtual environment and takes a decision [7]. 
For this reason, various learning algorithms are introduced. Multiple systems have different 
learning algorithms. These learning algorithms are classified into three types which are 
supervised learning algorithms, unsupervised learning algorithms, and semi-supervised 
learning algorithms [50]. For this study, Naive Bayes, Support Vector Machines, and Decision 
tree algorithms are selected from supervised learning algorithms. 
 
For this research, the aim is to find the suitable learning algorithm for CI system and 
investigate the feasibility of creating self-learning test machinery. The aim can be achieved by 
answering the following research questions. 

 
RQ1.  How can the CI machinery prioritize which test case should run based on the risk 
assessment using learning algorithms? 

 
Motivation: The motivation for framing this research is to find what type of data, that 
is required to create a learning model which can predict and, prioritize the test cases 
based on that data. 

 
RQ2. How can the performance of the learning algorithms be evaluated? 

 
Motivation: The motivation for framing this research question is to evaluate the 
performance of the learning algorithms by using suitable metric. And, to find the suitable 
learning algorithm for integrating into the CI system. 

 
RQ3. How to evaluate the created self-learning CI model’s work in identifying the 
prioritized test cases? 

 
Motivation: The motivation for framing this research question is to investigate whether 
it is feasible to create a self-learning CI model. And, to find if it is better than the existing 
model or not. 

 
These research questions can be answered by first examining the CI system at Ericsson and by 
understanding what type of data that is required for creating the learning model. Once the 
required data is obtained, a dataset is created, and then an experiment is conducted to find the 
suitable algorithm for test case result classification. After finding the appropriate algorithm for 
the learning model, investigation is done to find whether the learning model can be integrated 
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into the CI system. And, can it adapt to the time cycle, predict the result of test cases and 
prioritize the required test cases into the hourly test suite. 

 
Thus, this research contributes to both science and industry by serving as a valuable reference. 
And, also a starting point for creating a self-learning CI system to reduce the cost and time for 
the industry in Software development and product release. 
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2 BACKGROUND AND RELATED WORK 

2.1 Continuous Integration 
 
These days software organizations confront a market with regularly changing requirements 
and pressure for more often releases. For embracing the change and importance of customer 
collaboration, usage of agile practices has also been increased. But, still to decrease the time 
for feedback loop and for more often software releases, Continuous Integration is adapted [2].   

 
In software development, CI is a development practice. CI has its root in extreme programming 
(XP) which is one of the software development methodologies designed for improving 
software quality [2]. For detecting the integration errors in CI, an automated system verifies 
the codes that are integrated by developers through running automated test cases [1]. A CI 
framework frequently involves using a server that automates the building procedure [2]. The 
testing performed in CI is regression testing. It is defined as the testing that is done on software, 
to learn whether the newly made changes affects the unchanged parts of the software [5]. 

 
In CI, regression testing is bounded by fixed time constraints for obtaining fast feedback. To 
receive quick feedback, the regression test suites are categorized using various test scopes. To 
accomplish the time and testing goals, the test cases prioritization for regression tests are done 
using multiple techniques. Some techniques are prioritizing the test cases by analyzing the 
effects of changes, based on the combination of fault detection rate over time, etc. These 
techniques help in reducing the testing time and increase fault detection rate [6]. 

 
Ericsson is using CI for software development. Here, the regression test suites are categorized 
into three types which are hourly, daily, and weekly. The hourly and daily test suites are the 
primary focus in this research because these suites are executed on a daily basis. The hourly 
test suite is a subset of the daily test suite, and the daily test suite consists of all the test cases 
created for the product. The test case prioritization for the hourly test suite is done based on 
the test case importance and its functionality for the product development. To get more 
understanding of CI, Fig.1 shows the CI workflow. 

 
In CI flow (Fig.1), the first step is Commit, which is the latest changes to the source code made 
by the developers. Once the commit is made, then it undergoes to two validations (step 2) 
before merging into current software build. Here, build is nothing but a version of the program. 

 
In the second step, there are code review and gate test. These are the two validations done on 
each commit made by the developers. In the code review, the commit is verified by other 
developers to make sure that the commit is not buggy and functioning correctly. This code 
review process is done using Gerrit, which is a web-based code collaboration tool where the 
team members can review each other’s code modifications [10].  

 
Once the code review is done, then the commit is either approved or rejected. If the commit is 
rejected, then the developer who pushed it must perform the required changes and commit 
again. If the commit is accepted, then it is labeled as +1, which means that the commit is ready 
to merge [11]. 
 
The second type of validation is gate test. It is nothing but a unit test. The unit test is a type of 
software testing, where a component of the software is tested to validate whether it performs 
as designed [12]. This test verifies whether the commit is functioning as intended or not. If the 
test has been passed, then it is labeled as +1 if not the code is retrieved and changes must be 
done. 
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                          Step 6 
 
              Fig.1. CI flow 
 

Here, the code review and the gate test are performed in parallel on the commit. Once the code 
review is approved, and gate test is passed, then the commit is merged into the latest version 
of a software build. This merging and creation of new software build are done in the third step 
of CI flow. 

 
Next, the fourth, fifth and sixth steps are the hourly, daily, and weekly tests. These are 
regression tests. The hourly test is run on all the commits made on that day. If any hourly test 
is failed, the resulting commit is retrieved, and the build reverts to previous build version. This 
process is done to avoid the integration errors. Whereas in the daily test, the test is run at the 
end of the day (at night) on the latest build that had passed the hourly test successfully. And, 
the test result is received on the next day. If there are any integration errors in the daily test, 
then the next day’s work is halted for clearing the daily test errors.  

 
The weekly test is executed at the end of the week(Saturday), and the test results are obtained 
after two days (on Monday). The primary focus of this research is to create a learning system 
for the dynamic hourly test suite to provide fast feedback. For this reason, only hourly and 
daily test suites are focused in this research. Here, the daily test suite contains all the test cases, 
and the hourly test suite works on fast feedback by running a test on all the commits. But, 
whereas the weekly test suite, it is also a subset of the daily test suite, and the results from the 
weekly test are obtained once a week.  So, only hourly and daily test suites are used.  

 
From the step three to step six, i.e., from creating the builds to the weekly test, are performed 
by the CI server. The tool used for this process is Jenkins. Jenkins is an open source CI tool, 
which is built in java. This tool helps in building and testing the project virtually. It also helps 
in maintaining test reports and sending notifications regarding the build and test status. The 

Commit 

Code Review Gate Test 

Code is merged and new 
build is created 

Hourly Test 

Daily Test 
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job of Jenkins is to perform predefined tasks based on a trigger. A trigger can be a change in 
the version control system or time to conduct tests [7]. To store all the code commits, and the 
build information, a version control system is used. 

 
Software development for significant products requires teamwork. To do that multiple teams 
will collaborate from various places. These teams may work on various components of the 
product or work on overlapped segments. In the product development, to record the changes 
and revert to the previous version whenever it is required, a version control system must be 
used [8]. Ericsson uses GIT. It is a version control system used for tracking the changes in the 
product files and coordinating work on those files among the people working on the specific 
product [9].   

2.2 Machine Learning 
 

In computer science, machine learning is a field which provides machines with the ability to 
learn, without being explicitly programmed. It emerges from pattern recognition and learning 
theory in artificial intelligence. Machine learning analyzes and examines the construction of 
algorithms that learn from historical relationships in data and make predictions [14]. 

 
The machine learning tasks are categorized into three types: 

 
1. Supervised learning: In this learning, the input and output are perceived, i.e., the 

machine is provided with the example inputs and their desired outputs. The aim is to 
learn a general rule that maps the input and output [7] [14]. 

 
2. Unsupervised learning: In this learning, the machine is provided with inputs but no 

outputs, i.e., the data doesn’t consist of any labels. The aim is to find the hidden 
pattern in the data or for the features detection [7] [14]. 

 
3. Semi-supervised learning: In this learning, the machine is provided with both 

labeled and unlabeled data. Here, supervised learning can be used to predict the 
labels for the unlabeled data. As well as, unsupervised learning can be used for 
finding the patterns in the input data [50]. 

 
These learning tasks are based on the type of output variables. The learning problems are also 
categorized. These are the following categories: 

 
1.  Regression: This is a supervised learning problem. Here, the output variable is a 

continuous variable [14].  
 
2. Classification: This is also a supervised learning problem, where the output 

variables consist of two or more classes. One example of classification is spam 
filtering, i.e., whether an email is spam or not-spam. Here spam and not-spam are 
the two classes for classification [14]. 

  
3. Clustering: This is an unsupervised learning problem. Here, the inputs are divided 

into groups, and these groups are not known beforehand like classification [14]. 
 

For this research, classification learning problem is used. Because the goal of this research is 
to create a self-learning CI system which can find and prioritize the test cases that might fail 
based on the risk (commit change information) for fast feedback. So, the classification problem 
is used. The classes for the classification problem are “PASS” and “FAIL.” 
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2.2.1 Algorithms: 
 

After identifying the learning problem, then the suitable learning algorithm for creating a 
learning model must be selected. There are various classification algorithms which are 
Decision Trees, Support Vector Machines, Naïve Bayes, Neural networks, logistic regression, 
etc. For this study, three algorithms are selected from the classification algorithms. The 
algorithms are,  

• Naïve Bayes 
• Support Vector Machines 
• Decision Trees 

 
The motivation for selecting Naïve Bayes algorithm is because it is the most popular, simple 
generative classifier and it is easy to train [17]. The motivation for choosing Support vector 
machines is that support vector machines is an efficient machine learning classifier for binary 
classification and this research deals with binary classification [39]. Whereas, the decision 
trees algorithm is selected because it requires simple data preparation and they can be easily 
tested and validated [51].  

 
There is another reason for selecting these algorithms, which is the prediction speed. In CI, 
regression testing is bound with a fixed time constraint. And, if the learning is model is slow 
in predicting in test case failure, then the prioritization of test cases will be delayed. To avoid 
this problem, the learning algorithms with fast and medium speed are selected [15].  

 
There are other classification algorithms in machine learning. In those algorithms, the most 
popular algorithm is neural networks. For this paper, the neural network algorithm is not used 
although its popularity, because of it black box nature. This algorithm is also prone to 
overfitting and greater computational burden [52]. To avoid all these problems, only Naïve 
Bayes, support vector machine and decision tree algorithms are selected. 

2.2.1.1  Naïve Bayes 
 

Naïve Bayes is one of the widely used classification algorithm in data mining and machine 
learning because it is easy to train and obtain satisfactory results [17]. This learning algorithm 
uses the concept of Bayes theorem. Using this theorem, the algorithm works by computing the 
posterior probability assuming the independence between the predictors (input variables) [16]. 
The Naïve Bayes algorithms work as follow, 

 
Let’s us consider an n-dimension feature vector 𝑋 = {𝑋1, 𝑋2, 𝑋3, … … , 𝑋𝑛} describes an 
attribute values of an instance in the data. There are m classes {𝐶1, 𝐶2, 𝐶3, … . , 𝐶𝑚} and an 
unknow instance X. The classifier assigns the class label for the unknown instance with the 
largest posterior probability class i.e. if 𝑃(𝐶𝑖, |𝑋) > 𝑃(𝐶𝑗|𝑋)(1 ≤ 𝑗 ≤ 𝑚, 𝑗 ≠ 𝑖) , then class 
𝐶𝑖 is assigned to the instance X. The posterior probability can be estimated by [38]: 

 
  𝑃(𝐶𝑖|𝑋) =  

𝑃(𝑋|𝐶𝑖)𝑃(𝐶𝑖)

𝑃(𝑋)
 . 

 
Here, 𝑃(𝑋) is constant for each class and posterior probability of class is unknown. So, we can 
regard 𝑃(𝐶1), 𝑃(𝐶2) … 𝑃(𝐶𝑚) as equal probability. According to feature independent, we have 

 
  𝑃(𝑋|𝐶𝑖) =  ∏ 𝑃(𝑋𝑘|𝐶𝑖)

𝑛
𝑘=1  
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Where, the probability of 𝑃(𝑋1|𝐶𝑖), 𝑃(𝑋2|𝐶𝑖), … . , 𝑃(𝑋𝑛|𝐶𝑖) can calculated by the 
training sample. By these calculations, the posterior probability of each class is obtained and 
using the Bayesian theorem the largest posterior probability class is selected. 

2.2.1.2  Support Vector Machines 
 

In machine learning, Support Vector Machine(SVM) algorithm is efficient in solving the 
binary classification problems [39]. SVM maximize the margin of separation between the 
samples of various classes. In machine learning and data mining, SVM is widely used due it's 
high accuracy and handling of datasets with high dimensions [40]. 

 
An SVM model works by creating a feature space. The feature space is a finite-dimensional 
vector space, where each dimension is represented by a feature. For example, in email spam 
filtering each feature would be resembling a word in the mail. The primary goal of SVM is to 
train a model that can assign a category for the new unseen data. It can be done by creating a 
linear partition of the features into two groups. Based on the original data features, the model 
places the object above or below the separation plan by classifying it as SPAM or NOT-SPAM 
[40].  

 
This process makes the SVM a non-probabilistic linear classifier because the features of the 
new data are determined in the feature space. Moreover, the SVM classifier uses the kernel 
functions for increasing the computational efficiency [40].   

2.2.1.3 Decision Trees 
 

In machine learning, decision trees are one of the efficient classification algorithms. A decision 
tree is a supervised learning technique which can predict values by learning the decision rules 
derived from features [41]. These decision trees can be used for both regression and 
classification problems. For that reason, the decision trees are also called as Classification and 
Regression Trees (CART) [43]. The CART is short-term given by Leo Breiman to refer 
decision trees that are used for both classification and regression modeling [42]. 

 
The CART model is a binary tree where each root node represents an input variable(x) and a 
split point on that variable assuming it is numeric. Then the leaf node of the tree contains the 
output variable(y) which is used for predictions [42]. One of the benefits of using CART model 
is that it produces an interpretable if-then-else decision ruleset [42]. 

 
Some of the advantages of using CART is that [42], 

 
• There are easy to interpret as “if-else” rules. 
• These models can handle both the categorical and continuous variable in 

one dataset. 
• They can scale efficiently on large datasets. 
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2.3 Related Work 
 

To obtain more knowledge on test case prioritization in Continuous Integration and test case 
prioritization for regression testing, a literature review is conducted to find if any related 
research is done. From the literature review, the following approaches are found in the research 
papers, 
 
An approach called AFSAC is used for test case prioritization which is reported by the authors 
of paper [34]. In this approach, the test case prioritization is done by analyzing the failure 
history and the test case correlation. The purpose of using historical data is to provide the 
testers and developers the significant failure information in the continuous integration 
environment.  
 
Using the test case historical data, an approach called prioritization for continuous regression 
testing (Rocket) is introduced by the authors of paper [6]. In this research, the test case 
prioritization for regression testing is done by using the historical test case result information 
and their execution times. 

 
There are other methods for test case prioritization, which are coverage-based strategies. The 
strategies are a kind of greedy approach, which selects the test cases based on the coverage 
information of the previous version of the program. These methods are used for active fault 
localization by the authors of paper [35]. Based on the experiment they conducted, it is found 
that random test case prioritization technique is also useful in some ways for fault detection. 
 
Another approach know are optimal test optimization is proposed by the authors of paper [36]. 
This approach uses historical test data, and the test cases are prioritized by the failure and 
execution times of test cases. Here, the test cases are also prioritized by the configuration 
coverage and the test cases are tested only on the functionality. 

 
There is also a framework for test case prioritization techniques which is proposed by the 
authors of paper [37]. The methods are Greedy-based and Distribution-based methods. The 
author also explains the spectrum-based fault localization techniques which are used for 
pinpointing the location of faults with the program upon failure. 

 
In paper [45], the authors proposed a prioritization technique and a metric to measure the 
effectiveness of the test case prioritization in regression testing. This technique works by 
collecting the information from previous test case execution, and prioritization is done based 
on the test case execution and fault severity. 

 
A set of prioritization algorithms for test case prioritization based on function call path are 
proposed by the authors of paper [46]. These proposed algorithms work by prioritizing the test 
cases by their importance with the static paths and provide developers the priority of test cases 
based on the path coverage. 

 
For creating an optimal test suite to execute before integration, an approach is proposed by the 
authors of paper [47]. This approach is based on analysis of the correlation between the test 
case failure and source code changes, and this method evaluation is done by doing interviews 
with the software developers. 

 
Two algorithms for test case prioritization are proposed by the authors of paper [48]. The two 
algorithms are a Generic algorithm and Bee Colony Algorithm. These two algorithms 
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prioritize the test cases based on the code coverage and time criteria. But these two algorithm 
performances decrease when the code gets bigger. 

 
There is another algorithm called ACO for test case prioritization which is proposed by the 
authors of paper [49]. ACO stands for Ant Colony Optimization. This algorithm works based 
on the number of faults detected, execution time and fault severity. The results obtained from 
this research shows that it is a better solution for short testing execution time. 

 
As of the knowledge obtained from the related works performed in Continuous integration and 
test case prioritization, it is found that most of the approaches are based on the historical failure 
data and fault severity. The disadvantage of the above research’s is that static test suites are 
created based on the previous failure data. The static test suites are a disadvantage because if 
there are any significant failures in future than again a new test suite is built and the same 
process is repeated. This is the primary drawback of all these approaches.  

 
To overcome this issue, machine learning can be used for creating a dynamic test suite. By 
using machine learning, we can create a model which can retrain based on the new data that 
comes in after every regression test and can make predictions on the test cases. The reason 
why machine learning can outperform the above approaches is that it gives the system the 
ability to learn and adapt. By using machine learning, we can create a test suite that can 
dynamically change based on the information from the commits changes. And, moreover, 
there will no need to repeat the prioritization techniques for the new test suite. 

 
From this literature review, it is also found that there is no research performed in the 
continuous integration using machine learning. As specified earlier, there is a need for 
performing test case prioritization in continuous integration. By conducting this research, the 
results obtained can serve as a base for researchers in this area and future development in CI.    
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3 METHODOLOGY 
 

Research paradigm is categorized into two types, which are qualitative research and 
quantitative research. The qualitative research is concerned with discovering causes noticed 
by subjects(People) in the study and understanding their view of the problem. Whereas, the 
quantitative research focuses on identifying the cause-effect relationship, or comparing two or 
more groups [31]. To perform this research, quantitative research method is used because three 
various algorithms are analyzed in this research. And, using that quantitative data, the framed 
research questions can be answered. 

 
There are three various strategies in quantitative research, which are survey, case-study, and 
experiment. The strategies, survey, and case-studies are used in both qualitative and 
quantitative research [31]. But, for performing this research, Experiment is used. The 
motivation for selecting Experiment is that survey is a more descriptive strategy. And, case-
study should not be used for comparing various methods [31]. So, the experiment is chosen to 
answer the research questions.  

 
For answering RQ1, the present CI system and test results are examined. Whereas, for 
answering RQ2, an experiment is conducted to find which algorithm has the best performance. 
Finally, for answering RQ3, the selected algorithm model (from RQ2) is investigated whether 
it is integrated into the CI system or not. 

 
For experimentation, first, we need to select independent and dependent variables [31]. For 
this experiment, the independent and dependent variables are: 

 
Independent variables: The dataset created using the historical daily test information 
(commits information and test cases results) and the learning algorithms (Naïve Bayes, 
Support vector machines, and Decision trees). 

 
Dependent Variables: The performance of the learning algorithms. 

3.1 Software Environment 
 

For experimentation, a software environment is needed. For this research, the software 
environment used for experimentation is R. R is an open source programming language. It is 
an environment for both statistical computing and graphics [18]. The motivation for selecting 
R is that the experimental work consists of data manipulation, data storage and formulas for 
creating learning models. And, R environment is an integrated suite with all these facilities 
[18].  

 
Some of the facilities integrated into R are [18]: 

 
1. Large, integrated collection of intermediate tools for data analysis. 
 
2. A collection of operators for calculation on matrices. 
 
3. A wide variety of Statistical techniques (linear and non-linear modeling, classical 

statistical tests, classification, clustering, etc.). 
 

R is inbuilt with various packages. Some of them are MASS, Boot, Class, Matrix, etc. Based 
on the requirements of the work, some more packages can be extracted through the CRAN 
(Comprehensive R Archive Network) family [18]. 
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The packages used in the experiment are: 

 
1. Tm   5. Caret 
 
2. E1071   6. Rminer 
 
3.  Fselector  7.Rpart 
 
4. MLmetrics 

 
The above packages used for the following things: The “Tm” package is used for the text 
mining purpose which is to convert text into numeric values. The “E1071” package is used for 
support vector machine classifier. The “caret” package is used for Naïve Bayes classifier. The 
“MLmetrics” and “Rminer” packages are used for calculating the accuracy of the models. The 
“Fselector” package is used for the information gain function (feature selection). The “Rpart” 
package is used for decision tree classifier.  

3.2  Dataset Creation 
 

After selecting the specific environment, the data required for experimentation is collected. 
The primary goal of this experiment to find suitable learning algorithm for CI machinery in 
test case result classification. To achieve this goal, the required old test results and commit 
information are gathered.  

 
For collecting the data, CI system test log reports and the commits information in git repository 
are analyzed. The information gathered from the log reports and git repository consists of 
metadata of daily tests from past two months. There are two different motivations for selecting 
metadata. First motivation is that metadata of commits have a correlation with test failures 
[55]. And, the other motivation for selecting metadata rather than source code is that each day 
five to fifteen or more commits are made. And, sometimes there will be less than five commits 
made in a day. There is no fixed number for the commits to be made. If the source code or the 
comments of the source code are considered as the input features for the algorithm, then each 
instance consists of a different number of input features. For example, one instance will 
contain two input features, i.e., two code commits made by the developer, and other instance 
will contain eight input features. This differentiation makes it difficult to train the algorithm. 
And, feature selection can be used for selecting the input features but the test case result 
(pass/fail) is obtained from the combination of commits and doing so there will be a possibility 
of losing a significant amount of data. By analyzing these factors, and to build a dataset with 
an equal number of input features with the commit information, metadata is used. 
 
After collecting the metadata, each instance of the dataset consists of a day’s work made by 
the developers, i.e., the number of commits made, the number of files changed, file paths of 
the files changed, the number of insertions done, the number of deletions and the test case 
results (pass/fail). The motivation for selecting this data is because to find the pattern in the 
data using the commit information, i.e., which files have been changed and what are the 
changes in those files. So, this metadata is used. We didn’t use the author's name and time of 
tests is because all commits made in a day are considered as an instance, and it is not possible 
to map the authors to their specific commits in that instance. We didn’t use time of test because 
each test is performed at the same time at night (8 PM). 

 
Here, the no. of commits is selected because there are various number of commits done in a 
day. And, the daily test result is obtained based on all these commits. So, to find how many 
commits are made per day, this data is selected. Next coming to no. of files changes and the 
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file paths is chosen because the code for the product development is done in these files. 
Moreover, there is no one-to-one mapping between the files and test case, i.e., it is not possible 
to tell that test case x fails due to changes in file y. This is because there are thousands of files 
and only 572 test cases. By considering this metadata, it helps the algorithm to learn and find 
which file changes might affect the test case failure. And, the no. of insertions and deletions 
are selected because this metadata provides the information about the changes made in the 
code files. 
 

No. of 
commits 

No. of files 
changed 

File paths No. of 
Insertions 

No. of 
Deletions 

Test case 
results 

   
Table.1. Metadata of daily test results used in this experiment 

 
The data is collected for two months (21st August 2017 to 21st October 2017) from the daily 
test results. This is because the data collection must be done manually and the Ericsson system 
stores only data of past 30 days. The data storage is just for 30 days because some regression 
tests are performed each day for various products. And, to decrease the storage space, the data 
is only stored for 30 days. So, two months of data is used for this experiment which consists 
of 40 instances. There are only 40 instances for 60 days (two months) is because when there 
is no development of the product, the daily test is again repeated on the previous day’s build. 
So, the repeated daily tests are not considered because of the same test result. 

 
There are total 572 test cases in the mini-link product. And, only 11 test cases are selected for 
this experimentation. The motivation for choosing only 11 test cases is because, due to the 
limited amount of data, there are only 11 test cases with failure instance and remaining 561 
test cases have all passed instance. In a classification problem, there must be minimum two 
classes for an output variable [14]. For this reason, test cases with both passed and failed 
instances are only selected.  

3.3 Data Pre-Processing 
 

Once the dataset creation is done, that doesn’t mean it’s ready for experimentation. Since the 
dataset collection is performed manually and raw data is collected, it must be transformed into 
an understandable and suitable format for the learning algorithms. For this reason, data pre-
processing is done. Data pre-processing is a technique which is used for converting the raw 
data into understandable format [19]. 

 
While analyzing the dataset, it is found that the classes for the test cases are imbalanced. Each 
test case consists of only 1 or 2 fail instances and remaining all are the pass instances. This 
results in problem know as an imbalanced dataset. The imbalanced dataset is used to describe 
the situation when the number of observation in the dataset has a different proportion of classes 
[20]. In the current dataset, the pass percentage is 97%, and the failure percentage is 3%. This 
problem can be mitigated using the data sampling techniques. There are two common data 
sampling techniques for balancing the dataset which are Random Over-sampling and Random 
under-sampling [21]. 

 
1. Random Over-sampling: This technique helps in balancing the dataset by 

duplicating the minority class instances in the dataset without adding new data. 
 

2. Random Under-sampling: This technique helps in balancing the dataset by 
removing the majority class instances in the dataset. 
 

For this experiment, the random oversampling technique is used for balancing the dataset. The 
motivation for selecting this technique is that the number of instances in the dataset is low 
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which is 40 instances. For undersampling technique, the instances had to be discarded, which 
decreases the amount of data present now. To avoid this problem, the oversampling method is 
used. In this experiment, the minority class is the FAIL, and the majority class is PASS. 

 
There is also a problem with oversampling, i.e., duplicating more number of instances in the 
dataset overfits the learning model and affects the performance [22]. To avoid this problem, 
the failure percentage is increased by 8%, i.e., by adding 5% of failure instances. This results 
in total 60 instances in the data. Now the class distribution is 92% pass, and 8% fail. 
 
The learning algorithms take only numerical values as inputs [15]. For this reason, the data set 
must contain numerical values. The input variables for the algorithms are number of commits, 
number of files, file paths of files changed, number insertions, number of deletions. These 
input variables must be numerical values but file paths of the files changed doesn’t contain 
numerical values, because it is in a text format which includes the folder and files names. To 
convert it into the numerical format, Text Mining (TM) package is used in R. In this package, 
the DocumentTermMatrix function is used for converting the text into numeric values. This 
function helps in separating the words in the text and calculates the frequency of each word in 
each instance [23]. The motivation for selecting this function is because the data used here 
consist of files and folders that have changed in the commit. By using this function, the words 
in the file paths (files, folders) are divided, and their frequency is calculated. This helps in 
finding out how many times a file or folder has been accessed in a day and which test cases 
are affected by those files and folders. 

 
Once the DocumentTermMatrix is used, the files paths are divided into files and folders which 
are used as input Variables for the learning algorithms. After splitting into file and folders, the 
number of variables for the learning algorithms has increased from 5 to 1120. Now, the final 
dataset consists of 1131 variables (1120 + 11 test cases) with 60 instances. 

3.4  Feature Selection 
 

The dataset created after the data pre-processing contain 1131 variables. In that 1131 variables, 
the input features for the learning algorithms are 1120 and remaining 11 variables (test cases) 
are the output features. But, the numbers of instances in the dataset are low compared to the 
input features (1120> 60). This problem is known as Curse of Dimensionality. It can be defined 
as a fact, that there is an increase in the dimensionality of feature spaces with a finite number 
of sample size [24].  In machine learning, high dimensional dataset degrades the performance 
of learning algorithms [25]. To avoid this problem, dimensionality reduction is done by using 
feature selection methods. 

 
Feature selection is a technique for selecting the number of features in the dataset. There are 
three methods of feature selection, which are [25] [26]: 

 
1. Filter method: In this method, the feature selection is made by ranking techniques. 

The advantages of this method are, it is computationally less and avoids overfitting 
problems [26]. 

 
Some approaches in filter method are Information gain, chi-squared measure, 
Symmetric uncertainty, etc. [25]. 

 
2. Wrapper method: In this method, the feature selection is done by using the 

performance as evaluation criteria. The evaluation is done by predictive accuracy for 
classification and clustering for clusters [26]. 
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3. Hybrid method: This method uses both the filter and wrapper methods. The 
redundant features are eliminated by filter method and for remaining features 
wrapper method is used [25]. 

 
In this paper, the feature selection is done using filter method. This motivation for selecting 
this method is because it is fast, simple, and moreover it avoids overfitting problems. Using 
the random oversampling method for balancing the dataset and creating a high dimensional 
dataset has increased the risk of overfitting. To prevent this problem filter method is applied.  

 
In filter method, Information gain approach is used for this experiment.  The motivation for 
selecting this approach is that it is the simplified approach used for the term importance 
criterion [27]. And, the dataset for this experiment contains most of the input features are terms 
in the files paths which are files and folders. 
 

3.4.1 Information gain: 
 

Information gain(IG) is a feature evaluation method based on the information entropy. IG is 
used to measure the amount of information obtained from the category prediction by knowing 
the presence or absence of a feature in the sample [33]. The formula for calculating IG of a 
feature W is, 

 
IG(W) = - ∑ 𝑃(𝐶𝑡) log 𝑃(𝐶𝑡) + 𝑃(𝑊) ∑ 𝑃(𝐶𝑡/𝑊)𝑡𝑡 log 𝑃(𝐶𝑡/𝑊) 
    
  + 𝑃(𝑊) ∑ 𝑃(𝐶𝑡/𝑊) log 𝑃(𝐶𝑡/𝑊)𝑡  

 
Where C is the set of data samples, 𝑃(𝑊) and 𝑃(𝑊) are the probability of the feature 

presence and absence in the data samples, 𝑃(𝐶𝑡) is the probability of the t-th class value, 
𝑃(𝐶𝑡/𝑊) and 𝑃(𝐶𝑡/𝑊)  are the conditional probabilities of the t-th class value given that 
feature is present or absent. 

 
By using IG, the importance of 1120 features is measured. From that information, only first 
25 are selected as the input features for the algorithm. The motivation for choosing only first 
25 features is because due to the low number of instances. And, without creating a high 
dimensional dataset, the figure between half of the original instance (20) and half of the total 
instances (30) is selected. 

 
The test cases are distinct from one another. To find the input variables that are important to 
each test case, the feature selection is done individually for 11 test cases. And, 11 sub-datasets 
are created. The motivation for doing this procedure is that the input variables for one test case 
might not be important for other test case and by also using those unimportant variables the 
dimensionality of the dataset is increased as well as using these variables affects the prediction 
accuracy. To avoid this problem, feature selection is done for 11 test cases individually, and 
sub-datasets are created. Once the feature selection is done for each test case, then the 
experiment is performed. 

3.5  Experimental Design 
 

In machine learning, if we have plenty of data, the evaluation of algorithms can be done by 
dividing the dataset into two sets, which are training set and testing set. These two sets used 
for the algorithm training and testing purposes, i.e. the algorithms are trained using the training 
set and tested on the testing set using the evaluation metrics. But, when there is a small amount 
of data then, for evaluating the algorithms cross-validation is be performed [28].  
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For this experimentation, the dataset consists of only 60 instances which are very low. So, to 
perform the experiment cross-validation is selected. Cross-validation is an often-applied 
procedure for evaluating the learning algorithms. Here, the data is randomly separated into k-
folds or k-parts, then the algorithms are trained on k-1 folds and tested on the kth fold. This 
process is repeated k times, where each fold of the data is used for training and testing. Some 
of the cross-validations are 10-fold cross-validation and Leave-one-out cross-validation [28]. 

 
In 10-fold cross-validation, the data is divided into ten folds (k =10) then training is done on 
nine folds and tested on the 10th fold. In leave-one-out cross-validation, the data is divided into 
n parts (k=n, where n is the number of instances in data) then trained on n-1 instances and, 
tested on the nth instance and repeated n times. For this experiment, leave-one-out cross-
validation is used. The motivation for selecting this type of cross-validation is because the 
number of the instance is lower than 300.  As a rule of thumb when the number is instance is 
less than 300 leave-one-out cross-validation is used for evaluating the algorithms [28].  

 
The leave-one-out cross-validation is performed with the following algorithms Naïve Bayes, 
Support Vector Machines, and Decision Trees. The data for the cross-validation is divided into 
60 folds (k = n, where n=60), where each fold consists of one instance then training is done on 
59 instances, and testing is done on the 60th instance. This process is repeated 60 times for 
each test case. 

 
After performing the leave-one-out cross-validation, classification results obtained from each 
fold of every test case are noted for analyzing, and comparing the classification performances.  

 
Various metrics are used for evaluating the classification performance. Some of the metrics 
are Accuracy, Recall, Precision, Roc-curve, etc. For this experiment, accuracy is used for 
measuring the classification performance. The motivation for selecting this metric is because 
of leave-one-out cross-validation and class-imbalance in the dataset. There are metrics like 
Roc-curve, precision and recall are appropriate for performance evaluation when working with 
class-imbalance [29]. And, these metrics calculate true positive rate against false positive rate 
for overall test set [53]. But, in this experimentation, the test set consists of only one instance 
and using of these metrics shows either 100% or 0% performance. Here, the testing is 
conducted 60 times, where combining these 60 metric results will not be possible. Due to this 
problems, accuracy is selected as the performance metric.  

 
Accuracy metric is simple and most widely used performance metric for evaluating the 
classification performance [29]. The classification accuracy is measured by calculating the 
correct prediction made, divided by total predictions, multiplied by 100. By doing this, we can 
obtain accuracy in percentage [30]. 

 
Once the accuracy is calculated for each test case of every algorithm, the mean of all the test 
cases is calculated for obtaining the average classification accuracy of the algorithms. These 
algorithm accuracies are then used in finding the suitable algorithm for CI system.  

3.6 Statistical Tests 
 

After experimentation, the data obtained is used for comparing the algorithms and to identify 
which is the suitable algorithm. But, this comparison is done manually. To draw valid 
conclusions from the experimental data, statistical tests are used [31]. The statistical test used 
in this study is Friedman test. 

 
Friedman Test: It is a non-parametric test. In this test, the algorithms are ranked for each 
dataset where the best performance gets rank 1, second gets rank 2 and then rank 3...n. If there 
is a tie between the algorithms then, the average of ranks will be assigned [32]. The motivation 
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for selecting this test is that in this experiment three algorithms are tested on 11 test case 
datasets. And, Friedman test is mostly used for comparing k algorithms for n datasets and it is 
a most efficient statistical method for testing the multiple classifier performances [28] [32]. 
The Friedman test statistic can be calculated by [44], 

𝐹𝑀 = 12

𝑛𝑘(𝑘+1)
∑ (𝑅𝑖 − 𝑛(𝑘 + 1)\2)2𝑘

𝑖=1   

Where R is the sum of the ranks, k is the number of algorithms and n is the number of 
datasets. After calculating the FM statistic, the critical value of k at n at ∝ = 0.05 is measured. 
If the critical value is higher than the test statistic then, the Null hypothesis is said to be True 
or else the null hypothesis is rejected.  

If the null hypothesis is rejected, then we can perform the post-hoc test for determining the 
algorithms that performed significantly different. For conducting the post-hoc test, the Nemeyi 
test is selected. The motivation for choosing this test is because the Nemeyi test is the most 
efficient post-hoc test used for comparing the all algorithms to one and other [32].  

Nemeyi Test:  Nemeyi test calculates the critical difference. The performance of the 
algorithms is said to be significantly different if the average ranks differ at least the critical 
difference [28]. The critical difference is calculated by, 

  CD = 𝑞∝√
𝑘(𝑘+1)

6𝑛
 

Where, 𝑞∝ depends on the significance level of ∝ as well as k [28]. 
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4 RESULTS AND ANALYSIS 
 

After experimenting, the results obtained from the algorithms are, 

4.1 Results for Naïve Bayes 
 

 
Fig.2. Test case accuracies (%) for Naïve Bayes 

 
The Fig.2 shows the average test case prediction accuracy obtained from leave-one-out cross-
validation. And, again the average accuracy of all the 11 test cases is calculated for getting the 
accuracy of Naïve Bayes algorithm. The classification accuracy obtained for Naïve Bayes 
algorithm is 98.03%. 

4.2 Results for Support Vector Machine 
 

 
Fig.3.  Test case accuracies (%) for Support Vector Machine 

 
The Fig.3 shows the average test case prediction accuracy obtained from leave-one-out cross-
validation. And, again the average accuracy of all the 11 test cases is calculated for getting the 
accuracy for Support Vector Machine algorithm. The classification accuracy obtained for 
Support vector machine algorithm is 100%. 
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4.3 Results for Decision Tree 
 

 
   

Fig.4.  Test case accuracies (%) for Decision Tree 
 

The Fig.4 shows the average test case prediction accuracy obtained from leave-one-out cross-
validation. And, again the average accuracy of the 11 test cases is calculated for getting the 
accuracy of Decision Tree algorithm. The classification accuracy obtained for Decision tree 
algorithm is 92.33%. 

4.4 Comparison of Algorithm Results 
 

Test Cases NB SVM DT 
TC1 96.66% 100% 93.33% 
TC2 98.33% 100% 86.66% 
TC3 100% 100% 95% 
TC4 88.33% 100% 93.33% 
TC5 100% 100% 96.66% 
TC6 100% 100% 95% 
TC7 100 % 100% 95% 
TC8 100% 100% 95% 
TC9 100% 100% 95% 

TC10 98.33% 100% 86.66% 
TC11 96.66% 100% 86.66% 

Average Accuracy 98.03% 100% 92.33% 
Standard Deviation 3.4829 0 3.9011 

 
Table.2.  Test case accuracies and standard deviation of the three algorithms 
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Fig.5. The average accuracy for algorithms 

 
The Fig.5 shows the average prediction accuracy obtained for three algorithms. From the 
experiment, it is found that Naïve Bayes has gained 98.03% accuracy, Support Vector Machine 
algorithm has gained 100% accuracy, and Decision Tree has gained 92.33% accuracy. 

 
From these results, we found that Support Vector Machine has outperformed Naïve Bayes and 
Decision Tree.  

4.5 Statistical Tests 
 

To conclude the results obtained from the experiment, Friedman and Nemeyi tests are 
performed on the accuracies obtained for the algorithms from leave-one-out cross-validation. 
The hypothesis is, 

 
Null hypothesis (𝐻0) – The performance of three algorithms is same. 
Alternate hypothesis (𝐻1) —The performance of three algorithms is different. 
 

Test Cases NB SVM DT 
TC1 96.66       (2) 100     (1) 93.33   (3) 
TC2 98.33       (2) 100      (1) 86.66   (3) 
TC3 100       (1.5) 100   (1.5) 95        (2) 
TC4 88.33      (3) 100      (1) 93.33   (2) 
TC5 100      (1.5) 100   (1.5) 96.66   (2) 
TC6 100      (1.5) 100   (1.5) 95        (2) 
TC7 100      (1.5) 100   (1.5) 95        (2) 
TC8 100      (1.5) 100   (1.5) 95        (2) 
TC9 100      (1.5) 100   (1.5) 95        (2) 
TC10 98.33     (2) 100     (1) 86.66   (3) 
TC11 96.66     (2) 100     (1) 86.66   (3) 

Sum of the ranks 20 14 26 
Table.3. Ranks of the test case accuracies for three algorithms 

 
The above table.3 shows the ranks of each test case accuracy from the leave-one-out cross-
validation. From the table, where n = 11, k= 3 and rank 𝑅𝑖= (20, 14, 26). Using these values, 
the Friedman statistic(FM) was calculated and FM is 7.63. 
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From [13], the critical value(CV) for k = 3 at alpha = 0.05 is 5.99. By comparing these values, 
it is found that FM > CV. So, the null hypothesis (𝐻0) can be rejected, that means the 
algorithms has performed differently.  

 
After rejecting the null hypothesis, the Nemeyi post-hoc test (section 3.6) is performed to find 
out which algorithms had performed significantly different. For this test, using the values k 
=3, n=11 and 𝑞∝=2.34, the critical difference(CD) is calculated and obtained CD is 0.99. The 
average ranks of the algorithms are, 
 

 
 
 
 
  
               Table.4. Average ranks of algorithms 
  

The difference of the average ranks of (DT, SVM) is higher than CD value compared to (NB, 
SVM) and (DT, NB). That means DT and SVM algorithms had performed differently. By 
comparing the average ranks of these two algorithms, it is found that SVM has top rank 
performance and DT has last rank performance. By this result, it is concluded that the SVM 
algorithm has high performance and it is a suitable algorithm for creating a self-learning CI 
machinery. 

Algorithms Average Ranks 
NB 1.8 
SVM 1.2 
DT 2.3 
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5 DISCUSSION 

5.1 Answers for Research Questions 
  

RQ1.  How can the CI machinery prioritize which test case should run based on the risk 
assessment using learning algorithms? 

 
After examining the CI system, it is found that the hourly and daily tests are static for every 
test (Fig.1.). To prioritize the test cases, the learning model must be integrated in the place of 
the hourly test suite in CI flow (Fig.6). So that, once the new build is created then using the 
new commit information, the learning model can identify the test cases that might fail and 
prioritize those test cases. For creating the learning model, the input data required is the 
commit information, which is obtained from the GIT repository. And, the output is the test 
cases results, which can be obtained from the log reports of regression tests. Here, the input 
data is commit information because the test case prioritization must be done based on the 
commit made by the developer.  
 
After the data collection, the data pre-processing is performed for transforming the data into a 
required format for the learning algorithms. Then the necessary features are selected as input 
variables and the algorithm is trained for predicting the test cases. Once the prediction is made, 
based on the prediction results, the failed test cases will be prioritized for regression testing. 
 

 
 
 
 
 
                                     
    
     
    
 
 
 
 
 
 
 
 
 
 
  Fig.6. Learning model in CI system 
 
  

RQ2. How can the performance of the learning algorithms be evaluated? 
 

After collecting the data from the test results, an experiment is conducted on the three 
algorithms which are Naïve Bayes, support vector machines, and decision tree. To evaluate 
the algorithms, leave-one-out cross-validation is performed. And, to calculate the performance 
of the algorithms in cross-validation, accuracy metric is used.  Based on the experiment results, 
it is found that the Naïve Bayes learning algorithm has 98.03%, Support Vector Machines have 
100%, and Decision Tree have 92.33% of classification accuracy. From statistical tests, it is 
identified that the support vector machines had performed significantly different and obtained 

Commit 

Code Review Gate Test 

Code is merged and new 
build is created 

Learning Model 
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a top rank in performance. Based on this experimental result and statistical test, it is found that 
support vector machine is suitable learning algorithm for creating a self-learning CI model. 

 
RQ3. How to evaluate the created self-learning CI model’s work in identifying the prioritized 
test cases? 

 
The evaluation of the self-learning CI model work cannot be done because it is not feasible to 
create that type of model. This is because due to the type data present now. For the self-learning 
CI model, the test prioritization must be done based on the single commit data, i.e. when a 
developer makes a commit, based on that commits information, the test cases which might fail 
had to be prioritized. To do this work, the algorithms need individual commit information and 
their respective test case failures. But in the present system, it is not possible to map the test 
case failure to that specific commit. The reason for this problem is that the daily is the test is 
performed on the latest build which is the combination of commits merged that day.  
 
This is the primary challenge that is present in the current CI system at Ericsson. This challenge 
can be overcome by running the daily test suite on each commit. To perform this task, a 
massive number of hardware resources (test benches) are required. And, with one test bench 
which is provided for this research is not sufficient because of the time constraint. Due to this 
reason, this approach is currently not feasible. 
 
Along with individual commit challenge, there is also another challenge present in the CI 
system which the low amount of data storage. Low amount of data is a challenge because the 
current system consists of only 30 days of data and while conducting the experiment with this 
much low amount of data various problems have been faced. The problems are the curse of 
dimensionality and class imbalance (97% pass and 3%fail). So, until mitigating these 
challenges in the current CI system, it is not possible to create the self-learning CI model.  

5.2 Contribution 
 

From the literature review that is conducted to gather related work (section 2.3), it is found 
that majority of the research works are done of test case prioritization techniques, and some 
researchers have discovered new algorithms for test case prioritization. But, these research 
(section 2.3) didn’t mention any challenges that might present in the CI system. By comparing 
the previous studies and this research work, it shows that we found some challenges in CI 
system. And, also provides information regarding the creation of a self-learning CI model. 
 
The challenges that are found in the current CI system are 

 
• The test case failure in the daily test results cannot be mapped to the individual 

commits that caused the failure. This is due to the testing procedure, where the daily 
test is run on the latest build only and not on rest of the commits. This causes the 
major problem in finding the buggy commits and mapping those commits for the test 
case failure. 
 

• The second challenge that is faced in the CI system is that the data availability is 
very low. This is a challenge because for creating a learning model, there must be a 
significant amount of data with all the previous test results. But, in the current 
system, the test reports from regression tests are stored only for 30 days. Due to this 
storage, there are various new problems are arising, which are the curse of 
dimensionality and class imbalance in the dataset. 

 
Along with these challenges, this research also provides information on selecting a suitable 
machine learning algorithm for CI. Based on the experiment conducted from the daily test 
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result data, it is found that Support Vector Machine algorithm has outperformed Naïve Bayes 
and Decision trees in classification accuracy. So, if the challenges have been mitigated in the 
future, then SVM algorithm can be used for creating a self-learning CI model. From the 
literature review (section 2.3), it is found that there is no research work performed on CI 
concerning machine learning. So, these finding can help as a starting step for the future works 
on CI with machine learning.  

5.3 Limitation  
 

The limitations of this research are, 
 

• The learning model that is created in the experiment is not integrated into CI system 
is because of the low instance dataset. Due to the small amount of data storage in the 
current system, the number of instances obtained is only 40. And, these 40 instances 
have created a class imbalance dataset. By using the random over-sampling method, 
the dataset is made balance and algorithms are trained using that dataset. But 
integrating the learning model in CI with this type of dataset is not appropriate 
because, for balancing the dataset the same failures present in the dataset are 
repeated, i.e., the algorithm is trained on very low data with the same repeated 
instances. By integrating this model, it may then lead to wrong predictions and 
decrease in the prediction accuracy of the model. 

 
• The other limitations of this research are the number of features selected. Due to the 

curse of dimensionality, only 25 features are selected from 1120 input features. This 
cause high amount of data loss in training the model. This is because 1116 features 
consist of all the files and folders that are have been accessed in a day. And, by 
reducing these features, most of the files and folders are eliminated which indeed 
leads to decrease in the prediction accuracy. 

 
• The accuracies which are obtained in the experiment will not be the same when the 

algorithm is trained with a high number of instances. This is because the experiment 
is done using a low amount of data, repeated instance and very few features are 
selected. And, also these reasons may be the cause of 100% prediction accuracy for 
SVM algorithm. 

 
• There are some other reasons which causes high accuracy for SVM algorithm, which 

are, data with artifacts and overfitting.  Normally, overfitting is the results of 
excessively accurate or complicated model [56]. In this research, the dataset is small 
and contains repetitive instances which might cause the SVM model to overfit.  

 

5.4 Validity Threats 
 
In judging the quality of research, it is essential to consider the validity threats of the research 
and the results. Validity is particularly crucial for empirical studies because there is always a 
multitude of possible risks. The validity of research is concerned with the question how the 
conclusions might be wrong [54]. For quantitative research, such as an experiment, there are 
four types of validity threats, which are conclusion validity, internal validity, construct validity 
and external validity [31]. 
 
Conclusion Validity: The threats of conclusion validity are concerned about the ability to 
conclude [31]. To mitigate this validity threat, statistical tests are performed to conclude from 
experimental results. The statistical tests used in this paper are Friedman test and Nemeyi test 
(section 3.6). 
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Internal Validity:  The Internal validity threats affect the independent variables concerning 
causality [31]. In this paper, the independent variables are the dataset and the learning 
algorithms. To mitigate this validity threat, the data required for the dataset is selected by 
discussing with the current developers working on the Mini-link product and continuous 
analysis of the daily test reports. Also, data pre-processing for algorithms is done using 
DoucmentTermMatrix and random oversampling methods to mitigate the threats (section 3.3). 
 
Construct Validity:  Construct validity threats concerns about the design of the experiment 
[31]. To mitigate this validity threat, the hypothesis is defined and the experiment is designed 
upfront. Here, the experiment is designed based on the amount of data obtained and by 
evaluating other designs.  
 
External Validity: The threats of external validity are the conditions (people, environment, 
time) that limit the ability to generalize the results of an experiment to industrial setting [31].  
This validity threat possesses low risk for this research because a single experiment is 
conducted in one company (Ericsson). And, only one product data (Mini-link PT 2020) is used 
where the results cannot be generalized. 
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6 CONCLUSION AND FUTURE WORK 
 

The primary goal of this research is to, find the suitable learning algorithm for CI system and 
to investigate the feasibility of creating a self-learning test machinery, that can prioritize the 
test cases for providing fast feedback to the developers. In this research, the suitable learning 
algorithm for CI system is found by experimenting. The experiment for evaluating the 
algorithms is performed using leave-one-cross validation. And, the learning algorithms used 
are Naïve Bayes, support vector machines and decision trees. In assessing these algorithms 
performance, classification accuracy is used. These learning algorithms are trained using the 
daily commit information and their test results data. From the experimental results, it is found 
that support vector machine algorithm is the suitable learning algorithm for CI system. And, 
it has outperformed Naïve Bayes and decision trees algorithms in performance. 
 
Along with the algorithms, it is also found that creating a self-learning test machinery is not 
feasible. This is due to the various challenges that present in the current CI system. The 
challenges that are faced while creating the learning model in CI system are, mapping of test 
case failure in the daily test results to their respective commit that caused the failure is not 
possible. This mapping is not possible because the daily test suite is run only on the latest build 
of the day and not on all the builds created in that day. The other challenge found while 
experimentation is that the amount of data availability is very low.  This is due to storage of 
test case results for only 30 days. Because of this low data storage, various problems are faced 
while experimentation, which are the curse of dimensionality and class imbalanced dataset 
(97% pass instances, 3% fail instances). 

 
Due to the challenges in the present CI system, it is not feasible to create the self-learning test 
machinery. But for the future work, we would like to gather more number of the hardware 
resource and perform the daily test on each commit. So, we can obtain the required type of 
data. Along, with this, we would like to gather more amount of test data where we won’t have 
a low number of instances with class imbalance. And, with this individual commit data and 
the test data, we would like to aim for creating the self-learning model and investigate other 
machine learning algorithms that are suitable for the creation of self-learning CI system.  
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