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ABSTRACT 

Effort estimation of software development is one of the most crucial things in Software 

Engineering. The effort estimations are conducted in the initial stages of the project 

management. These estimations help the customers, investors, managers, and software 

developers to recognize the total investment, financial plan, project schedule, and 

resources necessities. The process used to estimate the efforts differs from organization 

to organization. Several aspects need to be thought by the software developers when 

estimating the efforts. Although there were many studies related to this area, this study 

explores factors that help to succeed in effort estimation in DevOps-based software 

development in the Sri Lankan context. 

 

According to the literature, the software development process would be easy in the 

DevOps context. Hence, the effort estimation would be easy when works on DevOps-

based software development also. This study has chosen nineteen factors, by 

thoroughly reviewing the past literature and studies. The preliminary interview was 

done for identifying the most important factors. Poor communication, measurements, 

monitoring, technology stack, skills & experience, knowledge sharing, and 

deployment process were identified as the most important factors. The followed 

research methodology was the quantitative approach for this research study. Hence the 

online survey was conveyed among the 450+ software experts who have work 

experience in DevOps-based software development in the Sri Lanka IT industry. There 

were 41 questions with one open-ended question on the questioner. The reliability 

analysis was led to check the stability and validity of the questions before distributing 

the questionnaire. Descriptive analysis was used to elaborate on the elementary 

characteristic of the research data. The Pearson coefficient correlation was used for 

statistical data analysis and hypothesis testing. Moreover, the regression analysis was 

done to test the robustness of the connection between the predictor (independent) and 

predicted (dependent) variables in this research study. 

 

As the results of the exploration, communication, and technology stack are highly 

impacted to the success of effort estimation in DevOps-based software development 

while knowledge sharing, skills & experience, and deployment process moderately 

impact the dependent variable. Measurement and monitoring were low impacts on the 

success of effort estimation in DevOps-based software development. Additionally, the 

set of practices and guidelines was suggested to follow when doing the effort 

estimation in the DevOps context. By following those practices and guidelines, 

software professionals can easily estimate the efforts and those efforts may be more 

confidently. It would be highly advantageous when achieving project deadlines and 

customer requirements easily.  

 Keywords: Effort Estimation practices, DevOps  
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1. INTRODUCTION 

1.1. Background  

 

The software industry can be considered one of the fastest-growing industries in the 

present world. The growing urge of the society to ease the routine work-life by using 

novel software has majorly resulted in this revolution, simultaneously creating a rapid 

increase in demand for software development projects. However, the vital 

consideration revolves around ‘delivering software development projects on time’,  to 

ensure client satisfaction. Prompt delivery might also be considered the root cause for 

either survival or cancellation of the many projects. This is the situation where "effort 

estimation" comes into discussion. 

 

Development effort is viewed as one of the significant segments of software costs, 

especially for worldwide development, and it is typically hard to anticipate (El Bajta, 

2015). It is said that effort estimation can be considered the most important part of the 

software development life cycle. Because the estimated effort could highly affect the 

increase in the project cost. Therefore, when estimating the timeline, we need to follow 

a proper process.  Effort Estimation in programming is one of the most significant 

programming forms. Unfortunately, low evaluation precision may give terrible 

outcomes (Phannachitta, 2018).  

 

Development and Operations are the two main components of DevOps. Operation is a 

new circumstance that facilitates continuous deployment in the software development 

process. It has brought new opportunities to software companies (Lwakatare, Kuvaja, 

et al., 2016). Hence, DevOps-based software development has become new normal to 

the IT industry, we have to consider several factors from both perspectives 

(development and operation) when doing the effort estimation. 

 

Several estimation methods that are supportive for project managers when estimating 

the software development timeline are being proposed during recent years. A new 

approach has been stepped by (El Bajta, 2015) which enhances the performance and 
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costs. This approach portrays an improved relationship-based model. According to (El 

Bajta, 2015), that model could be helpful for primitive phases of the stage of effort 

estimation for distributed projects.  But in practice, there are several challenges in 

effort estimation in DevOps-based environments due to the abrupt changes requested 

by the clients on initial requirements or the enhancements amid the development 

phase. Also, there are several workloads involved with deployment on the server in 

DevOps-based software development. Contrarily, many server-related issues could 

occur as well. Not only that, the technology gaps, unplanned tasks, and identified 

issues may also affect the success of effort estimation. When unplanned tasks and 

issues come into the ongoing development cycle, it may affect the project delivery 

time. In such an instance, we need to hold the development of a particular task that has 

less priority and less risk. Upon that, the developer will be assigned to the unplanned 

task or issue. This existing process may cause to reduce the performance of the 

employees as well.   

 

Most of the models require project size estimation for their calculations, which is 

mainly difficult (Sabrjoo et al., 2015). According to the author, the size of the project 

could be considered as the line numbers in the source code. Even without starting the 

project, the number of code lines could not be determined at the initial stage. As per 

the author, this may be a reason for the failure of certain effort estimation models. 

 

Some other techniques can be taken into consideration as well.  A new technique based 

on Support Vector Regression (SVR) for effort estimation of analogy‐based software 

development is a fine example of such techniques. This has been proposed by (Ali Idri 

et al., 2018). Also, data sets from different observations are being used for proposing 

this technique. 

 

In this context, there should be a proper guideline to follow when effort estimating.  

This research proposes and evaluates best practices that can be followed at the phase 

of estimating the software development timeline. Moreover, this study indicates a new 

effort estimation process by analyzing the factors which can be affected to the success 

of the effort estimation. 
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 Motivation 

 

On-time delivery of the software project,  promising ideas and strictly adhering to the 

budget are vital components to attain a competitive advantage over the software 

development project. Because software projects are difficult endeavors (Rahikkala et 

al., 2015). However, there may be several issues in a practical scenario. The first being, 

some unplanned tasks, and issues may arise in the development cycle. Sometimes these 

may depend on existing ongoing tasks. Then, it should be included in repairing any 

problem that arose during the development when estimating the effort. At the same 

time, we have to consider the accuracy of effort estimation of the project time. The 

accuracy in the effort estimation is basic for compelling administration and control in 

software development projects (Ali Idri et al., 2018). However, software projects still 

suffer from inaccurate estimates. At the same time, the need to consider the success of 

effort estimation of the project time is important.  

 

According to (Phannachitta, 2018), it is likely that software application cases are quite 

similar incidentally (e.g., size of the software). However, they may unintentionally 

diverge in terms of diverse development endeavors. This results in the theoretical 

question of; whether the software project, which has the same characteristics should 

have the same effort estimation? There may be some other reasons for this as well. 

Such as, different technology, and frameworks that may have been used. Using 

different frameworks, implementations, and project architecture may not be the same 

as previous. Then it may lead to consumption of time. Therefore, the estimators cannot 

predict the exact project timeline at the initial stage itself. However, if a guideline or 

procedure for estimating the project timeline is in their possession, it could be 

considered a value-addition. 

 

Without having a proper guideline for estimators, they may give a rough estimation 

for a particular task. This could ultimately lead to the propensity of missing out on 

certain affecting factors to the overall timeline. The procedure of “Best Practices'', will 

be proposed in this study with the intent that implementing such a procedure could 
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lead to a reduction in wastage of resources, avoid schedule/budget overruns, and/or 

quality compromises. This may also result in on-time delivery of the project, protecting 

client confidentiality, helping to increase the performance of task developers, and 

reduce wasting time on low-priority tasks as well. 

 

 Research Scope 

 

This study will concentrate on distinguishing the components influencing the success 

of effort estimation in DevOps-based software development projects. 

Since the expected population and the examples are chosen from the Sri Lankan IT 

industry, the extent of this exploration is constrained to the Sri Lankan context. This 

questionnaire was disseminated distinctly among the IT specialists of Sri Lanka. 

1.2. Problem Statement 

 

(El Bajta, 2015)  has mentioned the challenges and aspects that influence the effort 

estimation approach. Further, the effort estimation techniques estimate a 

comparatively less amount of time to finish a given project. Therefore, the effort 

estimation process should be improved. Moreover, two categories of effort estimation 

methods have been mentioned in this research study. Firstly, the mathematically-based 

category, and secondly, the experience-based category. Experience-based categories 

provide the direction needed to play out the effort estimation process. 

 

In this context, there are several issues identified in the existing effort estimation 

methods. Overestimation and underestimation may negatively affect the software 

performance. The underestimation potentially brings about enormous bad results to 

the schedule or budget. This could ultimately lead to the worst outcome of project 

cancellation (Phannachitta, 2018). It is identified that there is an emerging problem of 

not having a proper estimation process in DevOps-based software development. 

Hence, this study tries to introduce a proper guideline (Best Practices) that could be 

used when conducting effort estimation.  
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 Research Objectives 

The objectives of this research are to; 

● Explore the factors which need to be considered for the success of the effort 

estimation phase of a project in a DevOps environment. 

● Analyze the existing techniques which are currently used in the effort 

estimation phase in DevOps practices. 

● Explore the drawbacks of existing effort estimation techniques, and; 

● Recommend a useful effort estimation guideline (“Best Practices”) for a more 

reliable forecast of the software project development timeline in DevOps based 

environment. 

 Research Significance 

 

This study is focused on identifying the factors that need to be considered when 

estimating effort in DevOps-based software development and explore the drawbacks 

of existing effort estimation techniques. Due to the poor effort estimation, a software 

project will not be able to deliver with high quality and within the scheduled time. 

There is also a tendency for budget overruns to occur. Besides, customer satisfaction 

is a key component in this industry. Therefore, the driving need to protect the level of 

satisfaction of the customers is essential. Hence, the outcome of this research will serve 

as assistance to ensure customer satisfaction. 

We will be able to recognize the factors that need to be considered in the effort 

estimation phase on DevOps-based software development, in the latter part of this 

research. Upon recognizing those factors, the necessity to identify which factors can 

mostly stimulate the effort estimation arises. Finally, new estimation strategies and 

techniques can be introduced.  
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 Outline 

The background of the study, the motive of conducting this research, the research 

problem, objectives and significance of the study are elaborated at the beginning of 

this section, later on, this research will elaborate on the identification of the factors 

which need to be considered at the effort estimation phase in DevOps software 

projects.  

The first chapter portrays the aims that are wished to accomplish in the research and 

the extension that is covered. 
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2. LITERATURE REVIEW 

2.1. Chapter Introduction 

 

In this chapter, the researcher describes the background of the study, and what other 

researchers have discovered on the effort estimation practices and strategies in a 

DevOps-based environment. Journal articles, research papers, books, and web sources 

have been thoroughly evaluated and reviewed by the researcher for this chapter. The 

factors which are affected the success of effort estimation strategies and practices have 

been analyzed by the researcher in this chapter. Additionally, the analysis methods 

which were used to statistically analyze the survey results are included here. 

2.2. Overview to DevOps based Software Development 

 

As (Rubasinghe et al., 2018b) mentioned, different software development practices are 

used widely. Among them, DevOps is the most reliable software development practice 

as it ensures quality deliveries, adaptability to frequent changes, and staying within the 

budget. There is a scientific definition that is defined by (Penners & Dyck, 2015). It is 

considered as a mindset that encourages working together between the teams' dev and 

IT. Also, it runs flexible systems and speeding up continuous deliveries. It allows 

working collaboratively among Dev and Ops teams. DevOps gives fast and reliable 

deployment in superior quality (Nicolau de França et al., 2016; Rubasinghe et al., 

2017; Rubasinghe et al., 2018a). 

The primary objective of DevOps is to recognize and eradicate the space between Dev 

and Ops teams (Bucena & Kirikova, 2017). The identified main goals in DevOps are: 

Protecting business esteem, Breakdown obstructions among development and 

operations by empowering trust and shared possession and Supporting the 

development (Perera, Silva, et al., 2017). 
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 DevOps Process 

 

It is an approach used in the software development process. This is about speedy, and 

adaptable development (Hemon, Fitzgerald, et al., 2020). DevOps process is inclusive 

of several phases. Those phases are; Development, Integration, Testing, Deployment, 

and Monitoring (Palihawadana et al., 2017; Meedeniya et al., 2019a; Rubasinghe et 

al., 2020). Carrying out the above phases continuously is vital in DevOps Process. 

Figure 1 depicts the process, which helps a team to diminish issues and solve problems 

(Ebert et al., 2016).  

Figure 1: The DevOps Process 

 

 Continuous Development 

In this phase, the team is involved in two main actions. Those are; ‘planning the 

project’, and ‘coding the application’. The project vision is declared at the planning 

stage. Then the software engineers (developers) start coding on the application 

(Meedeniya et al., 2020). Any language can be used to code and the coding maintains 

are handle by the Version Control Tools. It is referred to as “Source Code 

Management” and there are various tools such as Git, SVN, CVS, and JIRA which are 

used for it. Also, there are several tools such as Gradle, Maven, and Ant for building 

and packaging the code. Those are referred to as “Build Automation Tools”. In this 

phase, the code is converted to executable files by the Build Automation Tools (Erich 

et al., 2017).  
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There are several benefits of continuous development, Delivering new features, quality 

products, risk avoidance and increased productivity are some of them (Laukkarinen et 

al., 2017).  

 Continuous Testing 

This is the stage where Quality Assurance engineers continuously test the application. 

Automating all the testing processes and configuring them to run after the deployment 

is referred to as Test Automation (Riungu-Kalliosaari et al., 2016; Rubasinghe et al., 

2018a). Selenium and Junit are used as Test Automation Tools.  There are several parts 

included under the continuous testing phase. They are: 

a. Unit testing and Integration testing 

b. Static and Security code analysis 

c. Load and Performance testing 

The major benefits derived from test automation are, it saves time, effort, and labour. 

Hence, it executes test cases automatically instead of running them manually.  

Furthermore, test automation generates reports, which could be considered another 

major benefit. The execution time can be scheduled as preferred at a predefined time 

(Erich et al., 2017).  

 Continuous Integration 

This phase can be considered the heart of the DevOps process. All developers are 

mandated to commit their changes to source code frequently (Palihawadana et al., 

2017). The existing codebase will be updated with new changes when they commit 

and push their changes (Rubasinghe et al., 2017). This can be done on daily basis. This 

helps in the early detection of the functionality breakdown, conflicts, and merging 

issues if they are present. This incorporates several important actions like; Code 

reviewing, component testing (unit testing), integration testing, and building packages. 

Once the code is built, it will be compiled (Hussain et al., 2017). As the code base 

continuously develops, it needs to be incessantly integrated with the system 

(Meedeniya et al., 2020; Rubasinghe et al., 2020). Then updated code and relevant 

changes will be reflected on the end-users. This should be done smoothly. Jenkin is 
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one of the popular tools used in this phase. According to  (Lwakatare, Karvonen, et al., 

2016) study, he emphasizes the importance of continuous integration practices as 

primary action to the progress of the continuous deployment. 

 

 Continuous Deployment 

In this stage, the code is placed in the production environment. It is important to assure 

that the built code is deployed successfully into the production. Continuous Delivery 

is referred to as Continuous deployment by (Lwakatare, Kuvaja, et al., 2016). As 

mentioned (Meedeniya et al., 2019a), Continuous Deployment is a Continuous 

Delivery pipeline. Human involvement is unnecessary in DevOps-based software 

development until the code reaches the production environment (Artač et al., 2016). 

Once the code is deployed into the production environment, it will not be executed 

until the right time. This choice additionally permits turning on the component to a 

specific arrangement of end-users (Chung, 2017). 

As (Lwakatare, Karvonen, et al., 2016) state, having continuous releases helps to 

identify the risks associated with the deployment and steer the quicker criticism 

concerning software application changes. Hence, continuous deployment gives 

companies occasion to quickly verify their features and study their usefulness to the 

customer. 

 Continuous Monitoring 

This is an extremely essential phase in the DevOps process where you persistently 

screen the health of the software application. The most important task is to keep the 

application running healthy (Pérez et al., 2015). This refers to the database connection 

performing well and being stable throughout the time. In this instance, the team ensures 

the performance of the entire application. Therefore, performance monitoring is most 

essential in DevOps (Lwakatare, Karvonen, et al., 2016). In practice, infrastructure 

teams blame the dev team and vice versa, when the issue is present due to the stability 

and performance. Hence, in the DevOps culture, issues are collaboratively resolved by 

sharing responsibilities among the teammates (Chung, 2017). 
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 DevOps Practice in Sri Lankan Software Industry  

 

Even as a lower-middle country, Sri Lanka transpires IT-BPM (Business Process 

Management) globally in many key focus domain areas. As A.T. Kearney mentioned, 

Sri Lanka is ranked among the Top 50s in the category of Global Outsourcing 

Destinations. Sri Lanka is also ranked among the Top 20s in Emerging Cities by Global 

Services Magazine (SLASSCOM, 2014). Currently, 300 over IT and BPM companies 

are operating in Sri Lanka. Most of them are small, medium and a few giant scale 

organizations in the global industry. The ICT and BPM sectors have become the fifth 

largest source of foreign income in Sri Lanka, despite few challenges in the industry 

(SLASSCOM, 2014). Due to the competitive growth in the IT industry, identifying the 

capacities and experiences are required for software development companies. Also, 

guiding them to recognize the suitable process that can be used for the software 

development, is necessary. If not, the software companies could not expect survival in 

the business.  

The concept of DevOps emerged in the software development industry moderately 

late. Accordingly, Sri Lankan software companies tend to follow it as a practice 

(Meedeniya et al., 2020).  In the Sri Lankan context, the developers and the operations 

team, work collaboratively to provide quality software, or services to the customers. 

They share the resources and obligations among the team members and increase the 

process performance (Perera, Bandara, et al., 2017).  

 

According to (Meedeniya et al., 2019a), the mentioned five stages in DevOps practice 

are followed by the software professionals in the Sri Lankan IT Industry. Developers 

or development teams are responsible for planning, coding, building, and finally 

testing the software project, while the operations team takes the responsibility 

of releasing, deploying, operating, and monitoring the system. In  Sri Lanka, the 

“DevOps Engineer'' plays an important role in coordinating human resources in a 

DevOps environment. He can be a single person on a set of groups that manage the 

involving automation, version control, configuration, and system maintenance 

(Meedeniya et al., 2019b). The DevOps roles can differ from the organization's 
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environment and its requirements. The “Release Manager” generally releases the 

features and check the post-release product stability in the system, and “Automation 

Expert” is responsible for automation, “Software Engineer” or “Tester” develops the 

code and tests it.  

 

2.3. Effort Estimation in DevOps practice 

 

Effort estimation is evaluating the most realistic effort that consumes to develop or 

maintain a particular task or part of the software application. This would be happening 

any time in the project. It is a vital factor for software development to be successful 

(Britto et al., 2014). When it comes to the DevOps context, the Dev and Operation 

team working efficiently for the continuous delivery of the software releases in the 

DevOps environment (Bucena & Kirikova, 2017). The main characteristic of 

estimating techniques in the DevOps practice is that it is not estimated the exact hours 

or time but in points (Hussaini, 2014). This gives the relative size of the activity. 

Instead of estimating the working hours, it gives that how many quantities as a 

previously identified user story. 

It is essential to estimate the relative scale of the whole team for better estimation 

(Popli & Chauhan, 2014). Open communication between  Dev and Ops team is needed 

to achieve this. Then learning curve is automatically generated by such an approach. 

The team members can learn from the previous estimation when making a new one 

(Owais & Ramakishore, 2017). Estimating in DevOps is completely different from 

estimating in other software development methodologies. Other methodologies try to 

make estimates detailed estimations of entire projects.  

  Effort Estimation Strategies 

 

The existing methods, models, or techniques that are used to estimate the effort are 

defined as the “Effort Estimation Strategies” that are extensively discussed in this 

study by the researcher.  
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Effort estimation methods are divided into two, such as “Model-based” and “Expert-

based” (Menzies et al., 2006). Summarizing old data and using some algorithms, the 

“Model-based” methods are made for a prediction about the new projects. “Expert-

based” methods use human expertise to generate predictions.  

For example, various estimation techniques are used to estimate the software 

development timeline in DevOps. Planing poker,  T-shirt sizing, Swim laze sizing and 

Bucket sizing are a few of them (Britto et al., 2014). In Planning Poker, team members 

assign relative story points for the items. In that, all team members will be participating 

in a meeting, and use cards to represent the number of story points.  

When discussing the T-shirt sizing, the items are grouped into T-shirt sizes instead of 

story points. Extra Small, Small, Medium, Large and Extra Large are used as the T-

shirt sizes. The range of sizes used up to the team to decide. There are several 

regulations and limitations in those estimation techniques when used as it is, at the 

effort estimation phase (Fávero et al., 2018). That means when using those estimation 

techniques, we are stuck into its parameters such as scope, characteristics, initial 

velocity, and individuals expert opinion. But in practice, we generally adjust those 

techniques according to the usage, based on our organization and project 

requirements. Hence these theoretical aspects are not matched with our practical 

scenarios (Khan & Araghinejad, 2010). At that time, we have to do some modifications 

by following our resources, requirements, and capacity. In this study, the researcher 

discussed those adjustments or modifications (what to do) when practising estimation 

methods. 

 

 Effort Estimation Practices 

There is a deviation between the theoretical aspects of effort estimation strategies and 

what practitioners do daily at the effort estimation phase (Britto et al., 2016). Hence, 

the adjustment practitioners have done as practices for those day-to-day activities are 

defined as the “Effort Estimation Practices” by the researcher in this study. The 

researcher expects to propose an effort estimation guideline after identifying those 

practices and exploring them.  



14 
 

According to (Menzies et al., 2006), there is a list of best practices under the expert-

based method such as, evaluate the estimation accuracy and avoid pushing people on 

to evaluation, use documented data of the previous tasks, ask estimators to justify their 

estimation and find estimation experts from the relevant background to validate given 

estimation. Also, the researcher has defined best practices when using model-based 

estimation methods. Some of those methods could be considered as, Reuse of the 

regression parameters, local calibration, and variable subset selection. As stated by 

(Phannachitta, 2018), use estimation checklists, estimate top-down and base up the 

other way around autonomously of one another. As few of the best practices, ‘top-

down and base up the other way around autonomously of one another’ combines 

estimates from different experts and separate strategies, and provide feedback for 

given estimation.  

 Effort Estimation metrics  

The researcher has used the term ‘Effort estimation metrics” to explain some sort of 

technique, graph or diagram that is used to calculate the effort. These metrics are 

eventual and effective for evaluating estimation value, and they have a perfect effect 

on the results of estimation. We would reduce project risks, initial and primary works, 

system necessities, customer satisfaction by the usage of the metrics (Yavari et al., 

2011). Metrics can be used to compare the values as well. It could be useful to 

determine the development strategy that is going to take place. 
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2.4. Factors affecting the success of effort estimation in DevOps practice 

 Collaboration Aspects 

According to the authors (Perera, Silva, et al., 2017), DevOps is encouraged to work 

in collaboration and cooperation between Dev and Ops teams. It is an extended version 

of agile. In a collaboration environment, the operations staff and developers 

communicate to deliver high-quality applications and services continuously, reliably. 

by sharing the assigned tasks and responsibilities within the. Also, each of them is fully 

accountable for their services from development to deployment. (Bucena & Kirikova, 

2017) has proven that the collaboration practices are one of the highest levels of 

priority practices (e.g. active participation of stakeholders, shared responsibilities, 

knowledge and information sharing practices, etc.). 

As (Hussaini, 2014) says, the 4Cs (Communication, Co-operation, Culture, and 

Collaboration) need to be addressed when implementing DevOps. Because, existing 

gaps are leading to competition, team conflict, inordinate delays, and inefficiency of 

software systems. Collaboration is intended through sharing knowledge, widening of 

skill sets, and moving obligations among the team members just as imparting a feeling 

of collaboratively sharing their duties and obligations (Lwakatare, Kuvaja, et al., 

2016). (Jones et al., 2016) has stated that management visualizes a DevOps approach, 

where both the software developers and system administration work in the close 

coordinated effort as a component of an incorporated entirety. This incorporation is 

substantive in the DevOps, which brings attention to a culture of joint effort through 

the harmonization of the product development and IT operations tasks. 

 

 Monitoring and Automation 

 

Generally, screening is used during the functioning use of the application system 

(Asiamah et al., 2017). It serves as feedback to developers as it helps evaluate the 

standards of the product plan, and to recognize the areas which need to be refactoring 

(Debbiche, 2019). It is mandatory to log and trace each action when running the 

software system (Chen, 2019).  
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As (Ebert et al., 2016) mentioned, automation needs to be conducted to a certain extent, 

if we require high-quality software deliveries frequently. Two common practices are 

included in automation. Those are the deployment process automation and 

infrastructure-as-code (IaC) (Lwakatare, Kuvaja, et al., 2016). Automating the 

deployment process can be achieved automatically by equipment that assists with 

overseeing application and foundation setups. As (Hemon, Lyonnet, et al., 2020) state, 

automating all turn of events and task exercises however much as could reasonably be 

expected, is a major principle of DevOps. There, the highest attention will be paid to 

automating all processes related to the operational aspects such as deployment-related 

activities, dev testing, and paying attention to managing the configuration of 

applications (Jabbari et al., 2016). 

 

 Measurements in DevOps 

 

Different metrics are used to monitor and assess the performance of processes in 

development and deployment. As an example, to convey the system quality, code 

quality, and system stability. According to (Lwakatare, Kuvaja, et al., 2016) DevOps 

encourage the use of common metrics that are often business-focused and give 

motivation to both Dev and Ops teams. According to (Nicolau de França et al., 2016) 

the measurement is a significant rule frequently started up by gathering proficient 

metrics. It helps decision-making in software engineering and its’ operations. 

According to (Perera, Silva, et al., 2017) the measurements are very important in 

DevOps environments. Hence, feedback for the improvements should be conducted 

frequently, across multiple dimensions and angles. 
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 Organization Culture 

 

As (Forsgren & Kersten, 2018) says, research shows that software delivery and 

organizational performance are driven by organizational cultures whilst company 

revenues are driven by job satisfaction. There needs to be a change in people's mindsets 

when working as a team. (Artač et al., 2016) has stated about the efficiency of DevOps. 

As they elaborate it, the series of software engineering strategies and tools promise to 

deliver software products with speed and quality simultaneously, without additional 

expenses. Therefore, it is a mix of organizational software culture which supports the 

DevOps strategies with proper tooling. As stated by (Perera, Bandara, et al., 2017), the 

culture is prepared as the background for interaction, accepting the level of risk, and 

ability to adapt.   

(Leite et al., 2019) have defined the concept of “Culture of collaboration”. It is based 

on several components such as knowledge sharing, appliances and tools, and 

procedures. As they have mentioned, the impediments to the continuous delivery 

acquisition are not the extent of expertise of each team member, but the 

unsuccessfulness of the top executives and at the administration level. High-

performing organizations try to execute the tasks as efficiently as possible, regardless 

of the workers being fungible “assets” (Rong et al., 2017). Management is responsible 

for making the failures be accepted and employees seek to continuously improve 

(Jones et al., 2016). 

 

 Socio-Technical Aspects 

 

Socio-Technical issues which arise from the social and technical aspects may lead to 

building lack of confidence among the team. Cultural differences, the necessity of 

teams filled with new skill sets, existing problems due to the geographic distribution 

of teams are a few of the issues (Nicolau de França et al., 2016). As (Hussaini, 2014) 

said, one of the fundamental issues rousing at the adoption of DevOps is, ineffective 

communication among stakeholders in the Dev and Ops teams. 
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  External Pressure 

As (Nicolau de França et al., 2016) state, in practical scenarios, it is required to respond 

quickly to the market conditions, hence the customers highly expect the quality and 

rapid business change, and also the demand for new features is relatively high. 

 

2.5. Related Works 

 

As per (El Bajta, 2015), there are two categories of effort estimation methods: 

“Mathematical based-category” and “Experience based-category”. The required 

amount of effort is constructed and represented on a mathematical basis in the 

“Mathematical based-category”. The information which needs to be performed for the 

effort estimation process is supplied by the “Experience based-category”, mainly 

based on experience. Effort estimate falls into 3 categories according to (Fávero et al., 

2018): 1. human-centric;  2. model-based: and 3. produced by prediction techniques. 

According to (El Bajta, 2015), they have developed the 5 step model of estimation 

framework. The proposed estimation model is conclusive of the below steps. Firstly, 

the effort estimations are obtained and saved into the database because they could be 

used later to improve the accuracy of future estimations. The accuracy of the 

estimation is needed for distributed projects, and the results can be used for future 

estimations. Secondly, the modifications should be conducted or remove a particular 

record for stored records. Finally, the mechanism should be updated by adding 

similarity measures. However, this approach helps estimators to achieve the estimated 

values in global software development. Although, the researcher has mentioned the 

inputs of the model are not exhaustive. 

As (Menzies et al., 2006) state, they have found the effort modelling workbench called 

“COSEEKMO” and it assists in tracking down the best assessment technique for a 

specific area. The advantage of “COSEEKMO” is that all the analysis is done 

automatically and it investigates the different exertion assessment techniques. 

Contrastively, there are certain restrictions in “COSEEKMO”.  Input data should be 
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formatted as specified models (COCOMO 81 and COCOMO-II) is one of the 

restrictions.  

According to (Sabrjoo et al., 2015), they have proposed a new effort estimation 

methodology called “Improvement of COCOMO || Model” by enhancing the general 

COCOMO model with the use of different cost drivers.  The advantage of this model 

is that it provides better results than the COCOMO model. However, there are some 

limitations to this methodology as well.  Structure of the model, project size, and 

changing the hypothesis over time are a few of them. 

(A. Idri et al., 2002) have presented a new procedure called a fuzzy analogy approach 

that is grounded from analogies, fuzzy logic, and linguistic quantifiers (nominal data). 

Identifying the causes, retrieving similar cases, and adapting to the cases are the three 

steps of this procedure. Generally, the linguistic values are not considered in classical 

analogy procedures. However, this approach is developed by improving the classical 

analogy procedure. The main advantage of this approach is handling imprecision and 

uncertainties correctly. 

 

2.6. Testing and Analysis Methods 

 

Several testing and analysis methods are used by the researcher for the data analysis 

in this study. Those methods are described below in this section. 

 

 Cronbach Alpha Calculation 

 

Lee Cronbach was the founder of Cronbach alpha in the year 1951. The internal 

consistency (reliability) of a set of test items is assessed by Cronbach alpha. 

“Reliability” refers to how well a test estimates what it should do. The internal 

consistency should be determined prior to a test. It ensures the validity of the research 

or examination. (Tavakol & Dennick, 2011). Cronbach's alpha formula is shown in 

Equation 1. Table 1 shows the strength of the internal consistency levels of alpha. 
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Where:  

N = the number of items 

c̄ = average covariance between item-pairs 

v̄ = average variance 

  Equation 1: Cronbach Alpha Calculation 

Table 1: Rule of Thumb for Results 

 

The ‘α’ is responsive to the quantity in the test. If ‘α’ is high, the questions are highly 

correlated and if it is low, it means there are not enough questions in the test (Tavakol 

& Dennick, 2011). 

  Descriptive Analysis 

 

Descriptive statistics summarize and organize principal characteristics of data in a 

meaningful way in the Descriptive analysis. For instance, the pattern might emerge 

from the data (Laerd, 2018). Those patterns are easy to visualize and understand even 

if there are large numbers of data. Descriptive statistics enables the interpretation of 

data through statistics such as the mode, median, mean, range, quartiles, absolute 

deviation, variance, and standard deviation. Tables, Graphs, and charts are used to 

represent the picturesque analysis of Descriptive statistics (Laerd, 2018). 

https://statistics.laerd.com/statistical-guides/measures-of-spread-standard-deviation.php
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 Inferential Analysis  

 

Inferential statistics help reach conclusions, make inferences, and judgments from 

data. Inferential statistics are useful for the experiment and evaluation of the outcome. 

ANOVA, ANCOVA, regression analysis, factor analysis, multidimensional scaling, 

cluster analysis, discriminant function analysis have come from the GLM. (Trochim, 

2020). 

 Hypothesis Testing Methods 

 

There are three main steps in the general hypothesis testing procedure in every research 

study. The researcher stated the hypothesis to be tested. As the first step, brief an 

analysis plan. In this step, briefly explain how the plan works.  Then inspect the sample 

data. In this phase, studying the sample data has occurred. Finally, interpret the results. 

The results of the hypothesis testing are translated to meaningful implications which 

match with the research.  Every hypothesis test is required to be stated in both ways: 

the null hypothesis (H0) and the alternative hypothesis (H1).  (stattrek.com, 2019). 

 T-test 

In the statistical methods, the T-test is developed by William S. Gosset (Jankowski et 

al., 2018), also known as  “Student’s t-test” and “two-sample t-test”, which is generally 

used to compare groups’ mean (Al-achi, 2019). Inference about the sample can be 

generated by the t-test: the difference between the samples (Jankowski et al., 2018). 

The distribution of t is bell-shaped. 

 

 ANOVA Test 

R.A. Fisher developed Analysis Of Variance (ANOVA)  in 1920 (Kaur, 2015). An 

ANOVA is a way to detect the differences between the groups of the experiment 

results.  It helps to figure out the acceptance or rejection of the null hypothesis 

(Sawyer, 2009). 
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 Pearson Coefficient Correlation 

 

In statistical analysis, there are various names used to identify the Pearson correlation. 

Namely, the Pearson correlation coefficient, and Bivariate distribution of Pearson’s 

Product Moment Correlation (Pearson’s r). Equation 2  depicts the formula for the 

Pearson correlation coefficient. 

When the values of the variables represent either the interval or ratios scales in 

measurements, this distribution can be considered appropriate for use. That can be 

compared to find the association between them (Obilor & Amadi, 2018). Core relation 

is involved when measuring the negative, positive, or non-relationship of the 

association of two variables. In other terms, it measures the strength of the relationship 

between two variables. 

The coefficient of correlation has two extents: high and low. Also, It has two 

directions: positive and negative. It varies from minus one (-1) to positive one (+1). 

Whereas a negative end (-1) denotes a completely negative correlation, while a 

positive end (+1) denotes a completely positive correlation. 0 denotes there’s no 

correlation.  If the two variables have positive relationships, when one variable is 

increased positively, another one also should increase positively in a fixed amount. If 

there’s a negative association, when one variable increases positively, another one 

decreases negatively in a fixed amount. Similarly, a 0 relationship indicates there’s 

neither a negative nor positive relationship between two variables (Obilor & Amadi, 

2018). Table 2 shows the Standards of the Pearson correlation coefficient. The 

relationship level of variables is decided with the use of Table 2. 
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Where, 

r = Pearson Correlation Coefficient 

n = number of pairs of the stock 

∑xy = sum of products of the paired stocks 

∑x = sum of the x scorzes 

∑y = sum of the y scores 

∑x2 = sum of the squared x scores 

∑y2 = sum of the squared y scores 

  Equation 2: Pearson correlation coefficient formula 

Table 2: Standards of Pearson correlation coefficient 

 Linear Regression 

 

Regression analysis is a strategy for assessing the relationship among gatherings of 

factors which are the explanation and result in a connection (Uyanık & Güler, 2013). 

Analyze the relationship between the dependent & independent variables, and 

formulate the linear equation as the main focus of univariate regression analysis. 

Multilinear regression is called the regression model with one dependent variable and 

more than one independent variable.  

 



24 
 

2.6.6.1. Model Summary Table 

 

R and R2  values are provided by the Model Summary Table. Correspondingly, the 

correlation is represented by R. The amount of the total variation in the dependent 

variable can be clarified by the independent variable which is indicated by the R2 value. 

2.6.6.2. ANOVA Table 

 

ANOVA table displays to which extent the regression equation fits the data. In other 

words, it means that the regression model predicts the dependent variable 

fundamentally. 

2.6.6.3. Coefficient Table 

 

The Coefficient table is yet another significant table. The sample coefficient table is 

shown in Figure 2. It helps predict the Dependent Variable from a particular 

Independent variable, by providing the necessary information. By scrutinizing the 

“Sig.” column, we can determine whether the Independent variable statistically 

contributes to the model. Furthermore, the values in column “B” under the 

“Unstandardized Coefficients” section can be used to present the regression equation. 

For Example: -  

Success of EE Strategies & Practices = 0.717 (Poor Communication) +0.518 

Figure 2: Coefficient for Poor Communication and EE Strategies 
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2.7. Discussion 

 Summary of the comparison of related work 

 

The Factors which are tended by previous researches, advantages, and disadvantages 

of the denoted literature resources are depicted in Table 3. 

 

Table 3: Summary of the comparison of related works 

 

 

Related 

work 

Method Factors Considered Advantages Disadvantages 

(Lwakatare, 

Kuvaja, et 

al., 2016) 

In phase one, three 

interviews were 

conducted in one 

company. 

MLR was conducted 

in phase two. 

How professionals 

classify the DevOps 

experience? 

 

What are the practices of 

DevOps as indicated by 

software professionals? 

The researchers have 

improved the 

scientific definition 

of DevOps and 

identified some 

patterns of DevOps 

practices. 

Researchers have 

used only a few 

number of 

interviewees for their 

investigations. 

 

(Leite et al., 

2019) 

Followed qualitative 

procedure. 

They have set 

analysis procedures 

based on Grounded 

Theory strategies. 

Formulating a model to 

supervise the software 

professionals in the 

investigation of the 

DevOps process. 

Examining and studying 

DevOps ideas and 

difficulties from the 

viewpoints of: 

engineers, managers, 

and analysts. 

This survey 

investigates a more 

extensive scope of 

sources and is 

exceptional in 

comparison to the 

past examinations. It 

includes the feasible 

exposure, 

and ramification of 

DevOps. 

The researchers have 

not considered 

academic 

workshops, and all 

the books regarding 

DevOps in the field. 

Selected papers are 

subjectively biased. 

 

(Perera, 

Bandara, et 

al., 2017) 

The research 

indicators are 

measured 

qualitatively by 

questionnaire and 

quantitatively by 

interviews. 

Check whether the 

components such as 

quality, responsiveness 

to business needs, and 

agility (adapting to 

technology) are 

behaving when 

installing DevOps?. 

The researchers have 

found a positive core 

relation between 

DevOps and 

successful software 

development in Sri 

Lanka. 

The main 

recommendations 

are developed only 

based on qualitative 

data. 

(Perera, 

Silva, et al., 

2017) 

The linear model was 

obtained from the 

linear regression 

analysis. Online 

questionnaires and 

interviews have been 

used for qualitative 

data. 

How have DevOps 

practices impacted the 

quality of the software? 

How to enhance quality 

successfully? 

CAMS framework 

affects the quality of 

the software 

products. Hence 

practising DevOps 

will help in 

revamping the 

software quality. 

The information has 

been gathered only 

from the DevOps 

experts in Sri Lanka. 
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 Literature related to the factors 

 

The summarization of identified 19 factors was denoted in Table 4. Simultaneously, 

they were grouped into 7, according to behaviour. Some groups showed multiple 

factors and those are indicated within the brackets saying which factor is found under 

which group. Each factor is depicted with a relevant group. The literature related to 

factors is elaborated in Table 5. 

 

Table 4: Grouped table of the factor table in related works 

 

 

 

Grouped Factors Factors found from the literature 

Collaboration Aspects 1.  Poor communication 

2.  Natural communication 

Organization Culture 1.  Organization silos 

2.  Empathy 

3.  Unsatisfactory test environment 

4.  Information flow 

Socio-Technical Aspects 1.  Technology stack 

2.  Skills and experience 

3.  Knowledge sharing 

4.  Programming language 

5.  Critical importance of other tasks 

6.  IT Operation not involved in RS 

External Pressure 1.  Customer expectation 

2.  Responsiveness to customer 

3.  Customer usage of the software 

Automation 1.  Deployment process 

2.  Infrastructure as Code 
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Table 5: Literature Related to Factors 
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(Artač et al., 2016)  X X X (1) X (1,2,3) X(1) X(1) 

(Artac et al., 2017) X(2)  X X(1) X(1,2,3,5)  X(1,2) 

(Chung, 2017) X(2) X  X(1) X(2)  X (1) 

(Jones et al., 2016) X(1,2) X  X(1,3,4) X(1,2,,3,5) X (1,2) X (1) 

(Kerzazi & Adams, 2016) X(1) X X X(1) X (1,2,3)   

(Lwakatare et al., 2015) X(1,2) X X    X(1,2) 

(Leite et al., 2019) X(2) X X X(1,4) X(1,2,,3,6)  X(1,2) 

(Lwakatare, Karvonen, et al., 

2016) 

X(1,2) X X X(1) X(1,2,,3) X (1) X (1) 

(Lwakatare, Kuvaja, et al., 2016) X(1) X X X(1,2,3,4) X(1,2,,3,6) X(2,3) X(1,2) 

(Nicolau de França et al., 2016) X(1,2) X X X(1,2) X(1,2,,3,5,6) X(1,2,3) X(1,2) 

(Perera, Bandara, et al., 2017) X(1,2)  X X(1,2,4) X(1,2,,3) X(1,2,3) X(1,2) 

(Bucena & Kirikova, 2017) X(2) X X X(1,3) X(1,2,,3,5) X (1) X (1) 

(Debbiche, 2019) X(2) X X X(1) X(2,,3) X(1,2) X(1,2) 

(Díaz et al., 2018) X(2)   X(1,3,4) X(1,5,6) X(1,2,3) X (1) 

(Ebert et al., 2016) X(1) X  X(1,2) X(1,2,3)  X(1,2) 

(Erich et al., 2017) X(1)  X X(2) X(1,2,3) X (3) X (1) 

(Forsgren & Kersten, 2018) X(1)  X X(1,3) X(1)  X (1) 
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2.8. Conclusion 

 

The researcher has done the exploration based on the past literature about what the 

factors are affecting the success of the effort estimation in the DevOps environment. 

Starting from the overviewing of the DevOps-based software development, DevOps 

process, how the DevOps practice evolves in the Sri Lankan context, effort estimation 

strategies, and practices. Subsequently, the researcher has described and thoroughly 

analyzed the outcome when effort estimation is conducted in a DevOps background 

and the final result when several factors affect the success of the effort estimation 

phase in DevOps-based software development. Finally, the researcher could identify 

the factors affecting the success of effort estimation in the DevOps context. 
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3. RESEARCH METHODOLOGY 

3.1. Chapter Introduction 

 

Exploring the factors which need to be considered the success of effort estimation, and 

recommend a useful guideline for a more reliable forecast about the software 

development timeline in a project are leading objectives of this research. The research 

approach is described in the first part of this chapter. Then, this chapter flows through 

the data collection process, an illustrative view of the design, conceptual diagram, and 

hypothesis. Subsequently, the pilot survey and reliability analysis are explained. 

Finally, data analysis techniques used for data analysis are elaborated in this chapter.  

3.2. Research Approach 

 

The plan and the process of the research that explains the stages from broad 

assumptions to detailed methods of data collection, analysis, and interpretation is 

defined as a Research Approach. There are three types of research. Namely; 

“Exploratory Research”, “Descriptive Research” and “Explanatory “or “Casual 

Research”. Descriptive researches are focused on expanding the knowledge on 

existing issues through the data collection process, and addresses “what” in the 

research subject than the question of “why”. Also, describing, explaining, and 

validating the findings are the three main purposes of the descriptive studies. Hence, 

based on the above explanation, we could state that this research study is defined as 

“Descriptive” research.  

The research design intends to give a suitable framework for a study. Choosing the 

research design approach is the most important decision of the research design process 

since it determines how necessary information and facts are obtained in the study 

(Jilcha Sileyew, 2019). Qualitative, quantitative, and mixed methods are the main three 

research approaches. This study is employed as quantitative research because it 

includes collecting and changing over information into mathematical form. Therefore, 

statistical calculations can bring on those numeric values and ultimately helps to 

conclude. The survey inquiry was distributed among the employees who work in a 
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DevOps-based environment in software companies in Sri Lanka. To identify the 

thoughts of the participants, the numeric scale was used to quantify the opinions, 

attitudes, and behaviours in the survey questionnaire. The researcher has done the data 

analysis after the data collection. The SPSS tool which was provided by IBM was used 

for the data analysis in this study. The mentioned analytic tools were used by the 

researcher for generating the facts and hidden patterns in this study. After that, the 

researcher was able to present the set of guidelines that can be used when doing the 

effort estimation in DevOps-based software development in the Sri Lankan context. 

Figure 3 depicts the stages of the research that have been passed on by the researcher. 

Figure 3: Research Approach 

 

In the beginning, the research problem which is going to focus on this study is 

identified by the researcher.  Respectively, the research scope and the research 

objectives were defined for this study. Later, the previous studies and related works 

were reviewed by the researcher to recognize the findings, drawbacks, or issues of past 

effort estimation models or techniques on literature, and the gap between the current 

research problem which is going to be addressed in this investigation. Then 19 

independent variables were identified by the researcher that needs to be considered the 

success of effort estimation in the DevOps practice. After that, the preliminary 
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interview was conducted. Recognizing the key factors in the actual practice of software 

development activities in the Sri Lankan context was the main purpose of conducting 

the preliminary interview. Finally, as the results of the preliminary interview, the 7 

variables were filtered as the most important factors for the success of effort estimation 

in the DevOps context. It is presented in Figure 5. 

The conceptual framework model provides a graphical illustration of the relationships 

between the independent and the dependent variables of the study. Figure 5 shows the 

conceptual framework for this research study. After selecting the independent factors 

in opposition to the one dependent variable, which is the success of effort estimation 

practices in the DevOps context, the conceptual model was created by the researcher. 

Upon that, the hypothesis was described to cover all the selected independent 

variables. Ultimately, the research questionnaire was built by the researcher as the next 

step, to suppress all the relationships and areas between the independent and dependent 

variables. This questionnaire was shared among over 350 software professionals who 

are working or have worked in the DevOps context in the IT Industry of Sri Lanka. 

Then the pilot survey was conducted by the researcher to compute the reliability and 

validity of the questions. It was done by distributing the questionnaire to a few software 

professionals who have worked in a DevOps environment. Then the researcher was 

able to make the final questionnaire after refining all questions numerous times. The 

final questionnaire was distributed among software professionals through online 

sources by analyzing the collected questionnaires’ responses. This was concluded with 

the finding that which hypotheses have been accepted or rejected. As a result, a set of 

instructions, practices were proposed to follow at the effort estimation phase in the 

DevOps environment IT industry of Sri Lanka. 
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3.3. Data Collection Method 

 

The correct information collection strategy refers to the contrast between valuable 

insights into knowledge and time-squandering confusion (Ainsworth, 2019). It is 

clear evidence that the data collection method can be considered a very important 

aspect of the research. There are numerous methods of data collection such as 

surveys, interviews (individual or in-depth), focus groups, and observations. The 

data collection method is defined as a process of collecting details from relevant 

origins with the determination of answering the research questions, hypothesis 

testing, and evaluating the outcomes. There are two categories in the data collection 

method. Those are Primary Data Collection methods and Secondary Data Collection 

methods. 

 Primary Data 

 

If the data is directly collected from the main sources, it is defined as Primary data.  

The interviews, surveys, and experiments are a few of the main sources. The principal 

foundations of primary data are typically chosen to fulfill the needs or necessities of 

specific research. Hence, aspects like research aim and target population need to be 

recognized before selecting primary data collection sources (Dudovskiy, 2018). Since 

this research is quantitative, data must be numerical and quantifiable. The 

questionnaire is with a close-ended question that covers all selected factors for this 

research study. Besides that, the preliminary interview was conducted with a few 

stakeholders.     

 Secondary Data 

 

Secondary data is a type of data that has already been published in books, journals, 

newspapers, magazines, reports, etc. A large amount of data is available in the above 

sources which match with the research area. Despite that, the background of the 

research area is not considered in those data. Hence, it is very important to pay 

attention to the Secondary Data selection criteria in the research study as it plays a 
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major role with regards to rising the validity and the reliability of the research. 

However, these criteria are not restricted to date of publication, author credentials, 

reliability of the source, quality of conversations, depth of analysis, the degree of 

commitment of the text to the improvement of the research area, etc. (Dudovskiy, 

2018). 

3.4. Sample Design 

The plans and techniques to be continued in choosing the sample from the given 

population are defined as the sample design (Kabir, 2016). It is an estimation strategy 

function for processing the sample statistics. These insights are the appraisals used to 

construe the population boundaries. The sample design is decided before the data 

collection of the research study. Probability Sampling and Non-Probability Sampling 

are the main two types of sample designs. 

 Population 

 

The population is referred to as a set of individuals or objects with the same 

characteristics that the researcher is interested in (Jilcha Sileyew, 2020). The 

researcher should carefully define and identify the population in the research study, 

hence credibility is essential in research, and data integrity is influenced by the 

credibility of the research outcome (Asiamah et al., 2017). 

At the moment, the Sri Lankan ICT workforce is experiencing several changes in its 

structure while the global ICT sector is in the transition period. According to (ICTA, 

2019), the overall strength of the workforce is 146,089 in  2019. As per their survey 

which was conducted in 2019, ICT companies have become the dominant employer 

with a share of 65.5% of the workforce.  The  ICT workforce has been made with the 

composite of several job categories like “Software Engineers”, “Quality Assurance 

Engineers”, “Business Analytics”, “Project Managers”, “System 

Administrators/Engineers”, and “Database Administrators”. As per their survey, those 

job categories are shared with 39%, 15%,6%, 4%, 5%, and 4%.  of the workforce 

respectively. 
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 In this research, the researcher has decided to consider specified job roles such as 

“Software Engineers”, “Quality Assurance Engineers”, “Business Analytics”, “Project 

Managers”, and “System Administrators/Engineers” and “Database Administrators” 

as the survey users who are from the DevOps based software companies in Sri Lanka.  

(Perera, Silva, et al., 2017) have mentioned in their research that 66% of respondents 

are from the DevOps-based software companies in Sri Lanka. Hence, the population 

size can be derived as: -  

The ICT workforce in 2019 = 149,089* 65.5% 

Total workforce with respect to considered job roles in ICT workforce  

    = 149,089 * 65.5% (39%+15%+6%+4%+5%+4%) 

Considering back, the considered job roles from DevOps based software companies

          = 149,089 * 65.5%*66% (39%+15%+6%+4%+5%+4%)  

Population Size     = 47,049 

 

Hence, the researcher decided 47,049 would be the identified population size for this 

research study based on the assumptions and resources. The researcher is supposed to 

select respondents based on their work experience in DevOps-based software 

development. 

 Sample Size 

 

Sampling refers to a selected group of objects from the general population. Also, the 

selected group represents the actual population of that particular research. The random 

sample should be a satisfactory size, to avoid sampling errors or biases (Taherdoost, 

2017). In terms of the sample size required in the research study, the qualitative and 

quantitative research methods may differ. The pioneer of sampling is defining the 

acceptability of the population. If the researcher was unable to identify and understand 

the accessible population properly and correctly, the sample may lead to worthless 

outcomes. Any attempt to sample may lead to unnecessary outcomes until the 
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accessible population is identified and understood (Asiamah et al., 2017). There is a 

formula that was introduced by (Krejcie & Morgan, 1970) for determining the sample 

size of a research study. Equation 3 shows the formula used to calculate the sample 

size. There is a table that consists of the population (N) and sample size (S).  That 

applies to any defined population.  

 

Equation 3: Sample size calculation formula (Krejcie & Morgan, 1970) 

Where:  

s = Required sample size. 

X2 = The table value of chi-square for 1 degree of freedom at the desired confidence 

level (3.841). 

N = The population size.  

P = The population proportion (assumed to be .50 since this would provide the 

maximum sample size). 

d = The degree of accuracy expressed as a proportion (.05). 

 

Sample Size  =                    3.841 * 47,049 * (0.5)2 

                             (0.05)2 * 47,048 + 3.841 * 0.5 * 0.5 

               =   380 

Hence, the population size is 47,049 for this study, 380 would be the representative 

sample size for this research study with a confidence level (3.841) and an error margin 

of 0.5. 
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 Research Instruments 

 

Research instruments are simply devices or tools for obtaining data relevant to the 

research project such as surveys, interviews, checklists, and tests, and there are many 

alternatives from which to choose (Wilkinson & Peter, 2003).  

The close-ended questionnaire was the main instrument used for the data collection in 

this research study, and it was shared between the software professionals who have 

work experience in a DevOps-based environment in the Sri Lankan context. 

The questionnaire consists of 41 questions and it is published in a google form that is 

easily accessible for everyone. The rating scale was the “Five-point Likert” scale. This 

questionnaire is comprised of two main segments and one open-ended question. The 

first segment consists of demographic questions to get a better understanding of certain 

background characteristics of an audience. The questions in the second segment are 

more focused on gathering information, and for the intention of testing the hypothesis. 

The open-ended question was included to collect the general idea of the respondents, 

about the effort estimation strategies and practices in the DevOps environment.  

The preliminary interview can be considered as the second main research instrument 

in this study which was done by the researcher. It was conducted to verify the most 

important factors (variable) out of all the 19 factors which are found in the literature 

review. As the preliminary interview, the researcher prepared a questionnaire inclusive 

of 12 questions. It contained a few questions to identify the factors affecting the 

success of effort estimation in DevOps-based software development in the Sri Lankan 

IT Industry. The specific job roles such as Software Developers, QA Engineers, 

Business Analysis, Project Managers, and System Engineers who have work 

experience in the DevOps context were selected for the interview by the researcher. 

Also, the researcher did not forget to select an equal number of interviewees from each 

job role, hence not biasing the responses. The interview was conducted informally and 

some were interviewed over the phone and through social media platforms. After 

gathering 25 responses, the researcher was able to select the 5 most important factors 

(variables) with the highest number of responses Those responses were selected to 
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address in this research study. The summary of the preliminary interview result is 

shown in Figure 4. 

 

Figure 4: Summarization of the Preliminary Interview result 

 

3.5. Conceptual Model/Design 

 

A Conceptual Model is a design that clarifies the progressing sequence of the 

components to be examined by the researcher. (Adom & Hussain, Emad. Kamil. and 

Joe, 2018). Contrarily, it is how the researcher explored the research problem through 

the study. As (Grant & Osanloo, 2014) stated, the relationships between the main 
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component and other sub-components are described in the conceptual framework from 

a statistical point of view. It is coordinated intelligently and its’ structure gives an 

image or visual picture of how ideas are connected in a study. It is not a static graph 

of variables and could be subject to change. However, it displays a relationship 

between the variables, relating to knowledge, the system of methods, and assumptions. 

Each entity of the conceptual framework displays the study of what it is (Mugizi, 

2019). 

Depending on the literature review, 19 independent DevOps-based effort estimation 

factors were identified by the researcher, listed as,  

Poor communication, 

Natural communication, 

Measurements, 

Monitoring, 

Organization silos, 

Information flow in the organization, 

Unsatisfactory test environment, 

Technology stack, 

Skills and experience 

Empathy (ability to understand and 

share the feelings of another),  

Knowledge sharing, 

Programming language, 

Importance of other tasks, 

Customer expectation, 

Customer Usage of the software, 

Responsiveness to customer needs, 

Deployment process and  

Infrastructure as Code.  

IT operation not involved in RS 

(Requirement Specification) tasks, 

Then the preliminary interview was conducted to identify the most important effort 

estimation factors in the DevOps context. After analyzing the preliminary interview 

responses and previous literature, the researcher was able to choose the seven 

important factors as independent variables to continue the research. The researcher 

also identified those seven factors as the sub factors and used the group name as its 

main factor. It is depicted in Table 6 with relevant literature. 
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Table 6: Main factors and subfactors with the literature 

Main Factor Sub Factors Literature 

Collaboration 

aspects 

Poor 

communication 

(Forsgren & Kersten, 2018), (Lwakatare, Kuvaja, et al., 2016) 

(Ebert et al., 2016), (Erich et al., 2017),(Kerzazi & Adams, 

2016), ( Lwakatare et al., 2015) 

Measurements  (Artač et al., 2016), (Kerzazi & Adams, 2016), (Lwakatare et 

al., 2015), (Leite et al., 2019), (Lwakatare, Karvonen, et al., 

2016), 

(Lwakatare, Kuvaja, et al., 2016), (Nicolau de França et al., 

2016), (Perera, Bandara, et al., 2017), (Bucena & Kirikova, 

2017), (Debbiche, 2019), (Erich et al., 2017), (Forsgren & 

Kersten, 2018) 

Monitoring  (Artač et al., 2016), (Chung, 2017), (Jones et al., 2016), 

(Kerzazi & Adams, 2016), (Lwakatare et al., 2015), (Leite et 

al., 2019), (Lwakatare, Karvonen, et al., 2016), (Lwakatare, 

Kuvaja, et al., 2016), (Nicolau de França et al., 2016), (Bucena 

& Kirikova, 2017), (Debbiche, 2019), (Ebert et al., 2016) 

Socio- 

Technology 

Technology 

stack 

(Artač et al., 2016), (Artac et al., 2017), (Jones et al., 2016), 

(Kerzazi & Adams, 2016), (Leite et al., 2019), (Lwakatare, 

Karvonen, et al., 2016), (Lwakatare, Kuvaja, et al., 2016), 

(Nicolau de França et al., 2016), (Perera, Bandara, et al., 2017), 

(Bucena & Kirikova, 2017), (Díaz et al., 2018), (Ebert et al., 

2016), (Erich et al., 2017), (Forsgren & Kersten, 2018) 

Knowledge 

sharing 

(Artač et al., 2016), (Artac et al., 2017), (Jones et al., 2016), 

(Kerzazi & Adams, 2016), (Leite et al., 2019), (Lwakatare, 

Karvonen, et al., 2016), (Lwakatare, Kuvaja, et al., 2016), 

(Nicolau de França et al., 2016), (Perera, Bandara, et al., 2017), 

(Bucena & Kirikova, 2017), (Debbiche, 2019), (Ebert et al., 

2016), (Erich et al., 2017), 
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Skills and 

experience 

(Artač et al., 2016), (Artac et al., 2017), (Chung, 2017), (Jones 

et al., 2016), (Kerzazi & Adams, 2016), (Leite et al., 2019), 

(Lwakatare, Karvonen, et al., 2016), (Lwakatare, Kuvaja, et al., 

2016), (Nicolau de França et al., 2016), (Perera, Bandara, et al., 

2017), (Bucena & Kirikova, 2017), (Debbiche, 2019), (Ebert et 

al., 2016), (Erich et al., 2017) 

Automation Deployment 

process 

(Artač et al., 2016), (Artac et al., 2017), (Chung, 2017), (Jones 

et al., 2016), (Lwakatare et al., 2015), (Leite et al., 2019), 

(Lwakatare, Karvonen, et al., 2016), (Lwakatare, Kuvaja, et al., 

2016), (Nicolau de França et al., 2016), (Perera, Bandara, et al., 

2017), (Bucena & Kirikova, 2017), (Debbiche, 2019), (Ebert et 

al., 2016), (Erich et al., 2017), (Díaz et al., 2018), (Forsgren & 

Kersten, 2018) 

The effort estimation practices in DevOps-based software development are recognized 

as the dependent variable in this research study. Hence, the conceptual model is shown 

as below: -  

 
Figure 5: Conceptual Framework 

 

“Poor Communication” was selected as one of the independent variables, hence the 

respondents were selected as one of the most important factors, and (Riungu-
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Kalliosaari et al., 2016) has mentioned that uncoordinated activities may result due to 

poor communication between developers and operations person in the team. 

“Measurements” are the best match for representing the success of the software 

development (Perera, Bandara, et al., 2017), and “Measurements” is considered as a 

concept of DevOps (Jabbari et al., 2016). It was mentioned as the third-highest 

important factor by the respondents in Figure 4. Hence, it is selected as another 

independent variable out of the 19 factors. 

The interviewees also mentioned how “Monitoring” was an important factor out of 

the 19 factors and (Erich et al., 2017) have mentioned how practitioners had defined 

DevOps in various mnemonics. The model of CAMS, CALMS (CAMS +Lean), and 

CAMM are examples of them. In every technique, Monitoring was a key component. 

Hence this was also selected as one of the independent variables in this research study.  

According to Figure 4, “Technology Stack “has obtained 13 responses from over 25 

respondents. Also (Senapathi et al., 2018) have mentioned it as a key challenge related 

to DevOps adoption. As per (Perera, Silva, et al., 2017), developers and the operational 

teamwork collaboratively to give quality releases by being accountable for their 

service and underlying technology stack in the DevOps-based software development. 

Further, service-level agreements play an important role (Garusinghe et al., 2017). 

Hence, this factor was also selected by the researcher as an independent variable. 

The interviewees mentioned “Skills & Experience” as the most important factor and 

(Hemon, Lyonnet, et al., 2020) highlighted the importance of skills & experience and 

the mindset of Ops people in DevOps based software development context. The skills 

and experience expected from DevOps roles are varying from country to country and 

project to project (Hussain et al., 2017). Hence, this was selected as an independent 

variable in the research design. 

Knowledge Sharing is also obtained in 17 responses, which means it is considered as 

one of the most important factors by interviewees. (Hemon, Fitzgerald, et al., 2020) 

has mentioned that Knowledge Sharing is confined within the team, thereby limiting 

the chances for Knowledge Sharing in accomplishing ongoing improvement. On the 

other hand, it is not constantly encouraging the team.  
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Therefore, “Knowledge Sharing” is selected as the main factor in this research study. 

Two-third of respondents have mentioned that the “Deployment Process” is an 

important factor and (Díaz et al., 2018) highlighted how frequently production release 

should be given with the Deployment pipeline. This means putting changes into 

production through automation. It may result in many deployments every day.  Hence, 

it was considered as one of the important factors. Therefore, the researcher selected it 

as another independent variable in this research study.  

 

3.6. Hypothesis 

Poor Communication  

H1-0: There is no relationship between Poor Communication and success of effort 

estimation Practices in the DevOps Environment.  

H1-1: There is a relationship between Poor Communication and the success of effort 

estimation Practices in the DevOps Environment. 

 

Measurements 

H2-0: There is no relationship between Measurements and the success of effort 

estimation Practices in the DevOps Environment.  

H2-1: There is a relationship between Measurements and the success of effort 

estimation Practices in the DevOps Environment. 

Monitoring 

H3-0: There is no relationship between the Monitoring function and the success of effort 

estimation Practices in the DevOps Environment. 

H3-1: There is a relationship between the Monitoring function and the success of effort 

estimation Practices in the DevOps Environment. 
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Technology Stack 

H4-0: There is no relationship between the Technology Stack function and the success 

of effort estimation Practices in the DevOps Environment. 

H4-1: There is a relationship between the Technology Stack function and the success 

of effort estimation Practices in the DevOps Environment. 

 

Knowledge Sharing 

H5-0: There is no relationship between the Knowledge Sharing function and the success 

of effort estimation Practices in the DevOps Environment.  

H5-1: There is a relationship between the Knowledge Sharing function and the success 

of effort estimation Practices in the DevOps Environment. 

 

Skills and Experience 

H6-0: There is no relationship between the Skills and Experience function and the 

success of effort estimation Practices in the DevOps Environment. 

H6-1: There is a relationship between the Skills and Experience function and the 

success of effort estimation Practices in the DevOps Environment. 

 

Deployment Process 

H7-0: There is no relationship between the Deployment Process function and the 

success of effort estimation Practices in the DevOps Environment.  

H7-1: There is a relationship between the Deployment Process function and the success 

of effort estimation Practices in the DevOps Environment. 
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3.7. Pilot Survey 

 

As per (In, 2017), a good research study requires the relevant experimental design and 

accurate performance to obtain a high-quality research outcome. Hence, analyzing its 

feasibility and improve the efficiency and quality before performing the main study, 

can be beneficial. This prior event can be identified as a “Pilot survey”. Inclusive of 8 

demographic questions and all selected variables, the questionnaire was distributed 

among 25 software professionals such as “Software Engineers”, “Quality Assurance 

Engineers”, “Business Analytics”, “Project Managers”, “System 

Administrators/Engineers” and “Database Administrators” who have work experience 

in a DevOps environment. After collecting the responses of the pilot study, the 

researcher was able to calculate the Cronbach alpha value for each question to check 

its reliability. 

 Reliability Analysis 

 

Research is a unique and systematic investigation attempted to increase existing 

knowledge and comprehension of the obscure to establish facts and principles.  

Therefore, the quality of the research is the most vital fact. The reliability of the 

analysis should be completed to confirm the quality of the research instruments. In 

simple terms, the reliability of the research is how much the research method produces 

steady and reliable consistent output under the same conditions. Reliability analysis 

provides the relationship between every item in the instrument. Internal consistency is 

an approach to determine how well a survey or test is estimating what you need it to 

gauge. The degree of similarity between two items is measured by computing the 

correlation in the reliability analysis. If the correlation values are high, the 

questionnaire is a more reliable one. 

 

Internal consistency can be measured by Cronbach’s alpha. It measures how closely 

related a set of items in a group are. It is viewed as an evaluation of scale dependability 
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(Nicolau de França et al., 2016). Cronbach’s alpha is used to calculate the reliability 

of this research study. Table 1 shows the robustness of the alpha values and its’ levels. 

The reliability analysis was executed after conducting the pilot survey. The analysis 

was done for all variables (dependent and independent) in the research study. The IBM 

SPSS Statistics tool was used for reliability analysis. As per Table 1 in Section  2.6.1, 

the researcher was able to arrive at the below decisions related to the questions in the 

questionnaire.  

α > 0.7 - The set of questions of the particular variable possess reliability. Additionally, 

those questions have good internal consistency for measuring the suitable variable.  

α < 0.6 - The set of questions are insufficient to quantify the variable.  Hence, the 

researcher happened to remove and improve certain questions. 

The summary of the reliability analysis result is shown in Table 8.  

 

3.8. Questionnaire 

 

The Questionnaire is one of the most generally utilized methods to gather information 

in a particular sociology research. The principal target of the questionnaire in an 

examination is to acquire important data most dependably and legitimately 

(Taherdoost, 2018). The questionnaire of this research study consists of forty-one 

questions. It was created to get the data on the success of effort estimation strategies 

and practices in the DevOps environment. The first section comprises of 4 

demographic questions that help to recognise certain foundation attributes of the 

spectators, regardless of whether there was gender, job role, work experience, 

educational level, work situation, etc. The next 4 general questions are related to the 

organization's background, DevOps experience, and effort estimation strategies and 

practices. 

The second section consists of thirty-two questions which are designed to collect data 

on the variables identified at the preliminary assessment. Four to Five questions were 

designed to gather information about each independent variable of this research study. 
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All questions are designed to a five-point Likert scale. This is otherwise referred to as 

a satisfaction scale. That ranges from one extreme (1. Strongly Agree) attitude to 

another (5. Strongly Disagree).  

The detailed structure of these thirty-two questions is demonstrated in Table 7. The 

last question was designed to collect the data related to the opinion of the selected 

sample with regards to the success of effort estimation and strategies, and practices in 

DevOps-based software development and to get ideas from the respondents. The 

researcher hopes to use that question when declaring the recommendation in this study. 

 

This questionnaire was distributed through Google Forms which can be easily 

accessed by the public, and it was published among over 380 software professionals 

to get the maximum number of responses. 

 

Table 7: Detailed structure of the factor related questions 

# Question 
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9 The use of communication tools and well-defined 

communication guidelines make it easy to 

estimate the required effort in the DevOps 

practice. 

×       × 

10 The scope of the assigned tasks can be easily 

understood if we improve the communication 

skills. 

×        

11 Proper communication helps to improve the 

motivation to fulfil a task in  DevOps practice. 
×        

12 The accuracy of the effort estimation in DevOps 

practice can be improved by allocating sufficient 

time to communicate with the collaborators. 

×        

13 Proper communication at the stage of effort 

estimation defines a lightweight process to 

accomplish a task. 

×        

14 The use of Measuring tools and well-defined 

measuring guidelines make it easy to estimate the 

required effort in the DevOps practice. 

 ×       

15 Daily Effort Measurements will increase 

effectiveness. 

 ×       
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16 The structure of effort estimation metrics make 

estimation easy in DevOps practice. 

 ×       

17 The effort of similar tasks can be predicted since 

the matrices are given numeric outputs. 

 ×       

18 Monitoring the server’s health ensures that 

configurations and scanned features are working 

as intended. 

  ×      

19 Monitoring development milestones helps in 

determining the effectiveness of the Dev team. 

  ×      

20 The potential threats can be recognized in advance 

by the Ops team through monitoring the system 

continuously. 

  ×      

21 Monitoring the Full-Stack and Faster 

Troubleshooting are the main characteristics of 

proper Monitoring tools. 

  ×      

22  The impacted areas of development can be 

identified by Continuous Monitoring of the 

system. 

  ×      

23 The project Requirements and Enhancements 

should be compatible with the Tech-Stack (Set of 

tools, frameworks, and libraries)  of the 

application. 

   ×     

24 The involvement of Technical Expertise will be 

an added advantage in the effort estimation. 

   ×    × 

 

25 Having a good understanding of the Tech-Stack 

(Structure Wise-Frontend/Backend) of the 

application to the team will make it easy to 

estimate the effort. 

   ×     

26 Selecting Ready-Made (Ideally suited) solutions 

of Tech-Stack (Combination of technologies) will 

make the effort estimation more convenient while 

doing a workaround on the application. 

   ×     

27 Sharing the technical knowledge of Senior 

Engineers within the team helps to ease the effort 

estimation.  

    ×    

28 Having an idea about the existing reusable 

implementation makes it easy to estimate the 

effort. 

    ×    

29 Conducting Technical sessions about the 

architecture of the application helps effort 

estimation in DevOps practice. 

    ×    

30 Maintaining Best Practices in development and 

testing with the team make it easy to estimate the 

effort. 

    ×    

31 The use of prior Skills and Experiences would 

help to measure the effort in DevOps practice. 

     ×  × 

32 Sharing Research and Development (R&D) 

experiences in the application, make it easy to 

estimate the effort in the DevOps practice. 

     ×   
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33 Having skills & Experience in a specific area in 

development personally helps me in effort 

estimation. 

     ×   

34 The use of prior Skills and Experiences in the 

specific programming language would help to 

measure the effort easily in the DevOps context. 

     ×   

35 An Automated deployment process helps to 

reduce the effort and risks in the production 

environments. 

      ×  

36 The Automated deployment process reduces the 

integration time in the DevOps environment. 

      ×  

37 Both debugging and fixing efforts are considered 

as a total effort of the effort estimation in the 

DevOps environment.  

      ×  

38 The Automated deployment process allows 

continuous delivery and makes effort estimation 

easy in a DevOps environment. 

      ×  

39 Following effort estimation practices helps in 

continuous delivery of software with high quality 

in the DevOps environment. 

       × 

40 I feel that we can be more productive at work if 

we follow effort estimation practices as a team. 

 

       × 

 

3.9. Conclusion 

 

Research methodology refers to specific techniques used to identify, select and 

analyze, collected information about the topic. It also refers to the interrelationship 

between independent and dependent variables. In this chapter, the researcher explains 

how the researcher approached the research, the data collection methods used for this 

research study, how the researcher arrived at selecting the target population, how he 

derived it, how the calculation of the sample size was done and, how the research data 

was collected and analyzed, etc. Nineteen factors related to the success of effort 

estimation strategies were identified in the literature review phase by the researcher. 

Then the final survey was created based on the selected most important factors from 

the preliminary interview and the literature. Additionally, this chapter explains how 

the researcher calculated Cronbach’s alpha value, how the stability of the questions 

was checked, and how the quality of the questionnaire was improved.  
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4. DATA ANALYSIS 

4.1. Chapter Introduction 

  

The findings and results of data analysis are demonstrated in this chapter. The 

researcher numerically represented variables by calculating the mean value of sub-

elements under each independent variable. This research mainly focuses on the 

relationship between numerically appointed variables and dependent variables, hence 

this study is a quantitative one. 

As the first analysis in this research study, reliability analysis was conducted for the 

final questionnaire to check the consistency of the questions. After that, the descriptive 

analysis was conducted for the demographic data. Then the correlation analysis to 

check the relationship between variables, inferential analysis, and regression analysis 

to check the relationship between the dependent variable with multiple variables were 

performed respectively, with the use of the IBM statistic subscription tool. Finally, the 

defined hypotheses were tested by the researcher with the aid of the above analysis. 

4.2. Data Collection 

 

Quantitative examination is characterized as a deliberate examination of phenomena 

by collecting quantifiable information and performing measurable, numerical, or 

computational strategies. The reliability of quantitative information was measured 

with the use of statistical methods in this research study. 

The data collection lasted for one month for this research study. The researcher has 

collected quantitative data by publishing an online survey. This online survey 

questionnaire was created using the google form (online tool) and it was dispensed 

among the software professionals who have work experience in the DevOps 

environment in the Sri Lankan IT Industry. The researcher used Social Media, Gmail, 

and LinkedIn as online sources to distribute this survey.  
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The researcher was able to collect 380 data sets. It took one month to complete the 

data collection. There are no missing values in the data set. The data collection pattern 

over time is demonstrated by Figure 6. 

  Figure 6: Responses count over time 

 

4.3. Reliability Analysis 

 

Checking the quality of the questionnaire is the most essential part of the research 

study. Hence, the researcher has carried out a reliability analysis for the survey 

questions. It was the very first analysis executed to collect data for this study. Internal 

Consistency is the measure of reliability. It was calculated for the set of items in the 

reliability analysis. If the questionnaire has a high positive core relation value, then it 

is deliberated as a reliable questionnaire. 

For measuring the reliability of the questions in the final survey, Cronbach’s alpha was 

used by the researcher. Table 1 shows the strength level of the alpha values. The alpha 

values for each independent variable are calculated with the usage of the SPSS Statistic 
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Subscription tool. The detailed view of the reliability analysis for this study is shown 

in Table 8 and Figure 15.  

 Poor Communication 

 

Figure 7: The Reliability Analysis of Poor Communication 

 

Figure 7 depicts the reliability statistic of “Poor Communication”. As per Figure 7, 

Poor Communication has 0.724 of Cronbach’s alpha. According to Table 1 in Section 

2.6.1, Poor Communication has good reliability. It reveals that the researcher is fully 

ensured about the questions created to evaluate Poor Communication. In another way, 

“Poor Communication” has good internal consistency. There is an adequate amount of 

questions to capture the particular factor. 

 Measurements 

 

Figure 8: The Reliability Analysis of Measurements 

 

Figure 8 reflects the reliability statistic of “Measurements”. As per Figure 8, 

Measurements has 0.839 of Cronbach’s alpha. According to Table 1 in Section 2.6.1, 

Measurement has good reliability. It reveals that the researcher is fully ensured about 



55 
 

the questions created to evaluate Measurement. In other terms, “Measurement” has 

good internal consistency, and there are enough questions to capture the particular 

factor. 

 Monitoring 

 

   Figure 9: The Reliability Analysis of Monitoring 

 

Figure 9 shows the reliability statistic of “Monitoring”. As per Figure 9, Monitoring 

has 0.709 of Cronbach’s alpha. According to Table 1 in Section 2.6.1, Monitoring has 

good reliability. It reveals that the researcher is fully ensured about the questions 

created to evaluate Monitoring. In another way, “Monitoring” has good internal 

consistency, and there is an adequate number of items to catch the particular factor. 

 

 Tech Stack 

                          Figure 10: The Reliability Analysis of Tech Stack 

 

The reliability analysis of “Tech Stack” is shown in Figure 10. According to Figure 

10, Tech Stack has  0.707 of Cronbach’s alpha. As per Table 1 in Section 2.6.1, Tech 
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Stack has good reliability. It reveals that the researcher is fully ensured about the 

questions created to evaluate Tech Stack. Hence, “Tech Stack” has good internal 

consistency, and there are enough questions to capture the particular factor. 

 Knowledge Sharing 

 

     Figure 11: The Reliability Analysis of Knowledge Sharing 

 

The reliability analysis of “Knowledge Sharing” is shown in Figure 11. According to 

Figure 11, Knowledge Sharing has 0.796 Cronbach’s alpha value. As per Table 1, the 

questions which were created to measure Knowledge Sharing have good reliability. In 

other terms, “Knowledge Sharing” has good internal consistency. the researcher is 

fully ensured about the questions, and the questionnaire included enough questions to 

capture the particular factor. 

 Skills and Experience 

 

Figure 12:The Reliability Analysis of Skills and Experience 
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The reliability analysis of “Skills & Experience” is shown in Figure 12. According to 

Figure 12, Skills & Experience have 0.801 of Cronbach’s alpha. As per Table 1 in 

Section 2.6.1, Skills & Experience has good reliability. It reveals that the researcher is 

fully ensured about the questions created to evaluate Skills & Experience Hence, 

“Skills & Experience” has good internal consistency, there are enough questions to 

capture the particular factor. 

 

 Deployment Process 

 

Figure 13: The Reliability Analysis of Deployment Process 

 

The reliability analysis of the “Deployment Process” is shown in Figure 13. According 

to Figure 13, the Deployment Process has 0.812 of Cronbach’s alpha. As per Table 1 

in Section 2.6.1, the Deployment Process has good reliability. It reveals that the 

researcher is fully ensured about the questions created to evaluate the Deployment 

Process. Therefore, the “Deployment Process” has good internal consistency, there are 

enough questions to capture the particular factor. 



58 
 

 Effort Estimation Strategies and Practices in DevOps based software 

development 

Figure 14: Reliability Analysis of Effort Estimation Strategies and Practices in a 

DevOps environment. 

 

The reliability analysis of “Effort Estimation Strategies and Practices in DevOps-based 

software development” is shown in Figure 14. According to Figure 14, Effort 

Estimation Strategies and Practices in DevOps-based software development has 0.705 

of Cronbach’s alpha. As per Table 1 in Section 2.6.1, Effort Estimation Strategies and 

Practices in DevOps-based software development has good reliability. It reveals that 

the researcher is fully ensured about the questions created to evaluate the Effort 

Estimation Strategies and Practices in DevOps-based software development. Hence, 

the “Effort Estimation Strategies and Practices in DevOps-based software 

development” has good internal consistency, and there are enough questions to capture 

the particular factor. 

Table 8: Summary of Reliability Analysis in the survey questions 

Variables Number of Items Cronbach’s Alpha 

Independent  

Poor Communication 5 0.724 

Measurements 4 0.839 

Monitoring 5 0.709 

Technology Stack 4 0.707 

Knowledge Sharing 4 0.796 

Skills and Experience 4 0.801 

Deployment Process 4 0.812 

Dependent 

The Success of Effort Estimation Strategies and Practices in 

DevOps based software development environment  

5 0.705 
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Figure 15: Reliability statistics using Cronbach’s alpha 

 

4.4. Descriptive Statistic of Demographic Data 

 

Descriptive statistics describe the basic features of the data and provides the main 

summary and measures in the research study. It gives an idea about the distribution of 

the data and enables the identification of the relationships among the variables.  

 Analysis of Demographic Data using Charts 

 

Gender and Current Working Track Classification of Sample  

The Gender distribution of Figure 16, clearly shows that most of the respondents are 

Male. Out of the 380 samples of data, 57% of the respondents are presented as Male 

software professionals, and the rest of the sample was represented as Female software 

professionals. It is 43%, out of the 380 samples of the data. 
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The Distribution of the Current Working Track of the sample is presented in Figure 

17. It clearly shows that most of the respondents were attributed to Development. Out 

of the 380 samples of data, 27% of the software professionals belong to Development 

Track. 26 % of the 380 sample data represents the Quality Assurance Track. The rest 

of the sample is represented in Operation Track and Delivery. Those are 24% and 23% 

out of the 380 sample data respectively. Both Project Managers and Business Analysts 

are attributed to the Delivery Track. These statistics show an equal number of Software 

Professionals in the IT Industry to a moderate extent.  

 

Figure 16: Gender Distribution  Figure 17: Distribution of Working Track 

Distribution of Work Experience and Education Level Classification of Sample 

 

Figure 18: Distribution of Work Experience       Figure 19: Distribution of                        

                                                     Education Level 
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 The distribution of Work Experience in Figure 18, clearly shows that most of the 

respondents have 2-6 years of work experience. Out of the 380 samples of data, 28% 

of the respondents were attributed as 6-10 years of experience as software 

professionals.  The rest of the 3% and 4% of the sample data belongs to 0-2 years 

and over 10 years experienced software professionals respectively. 

 

The distribution of the Highest Education level of the sample is shown in Figure 19, 

and it clearly shows that most of the respondents are Bachelor's / Bachelor Hons' 

degree holders. The second most respondents are Master’s Degree holders. 8% of the 

sample is attributed as PG Cert/PG Dip. This statistic is strong evidence that well-

educated software professionals are in the industry.  

 

No. of Employees and Organization Category Classification of Sample 

Figure 20: No. of Employees  Distribution    Figure 21: Distribution of Org. Category 

 

Figure 20 portrays the distribution of No. of employees in the organization of 

Respondents. It clearly shows that most of the respondents are working in a mid-level 

organization. Out of the 380 sample data, 54% have attributed to 101-300 groups of 

the organization, and the rest of the sample has attributed to the 0-100 category of 

organization.  
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The distribution of the Organization category of Respondents is shown in Figure 21. 

It demonstrates that most of the respondents are working in product-based software 

organizations. Out of the 380 of the sample data, 48% have attributed to Product based 

group and the rest of the sample mentioned that their organizations are functioned by 

Service-based and Product-based.  

Following EE Strategies in Organization and Opinion about EE Practices 

Classification in Sample 

 

Figure 22: Following the EE                    Figure 23: Opinion on EE   Strategies      

Strategies & Practices                                                & Practices 

 

The distribution of the following EE Strategies in the Organization of the sample is 

shown in Figure 22. It signifies that most of the respondents attributed that their 

organization follows the effort estimation strategies. 51% of the sample have attributed 

it as “Yes” and the rest of the 49% of the sample elaborates that their organization 

doesn’t follow the effort estimation strategies.  

Figure 23 exhibits the classification of opinion on DevOps practices of Respondents. 

It clearly shows that most of the respondents have a positive mindset about effort 

estimation practices in DevOps-based software development. Out of the 380 of sample 

data, 52% have attributed to Positive, and the rest of the sample of 40% have attributed 

to Neutral.  
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 Statistical Analysis of Demographic Data Using Pearson Correlation 

 

Pearson product-moment coefficient correlation or bivariate correlation is used to 

measure the statistical relationship or association between two continuous variables. 

Hence, the researcher assumed that the Likert scale data is interval or ratio data. The 

strength of the relationship is denoted by Pearson’s r or coefficient correlation value 

(r) while P-value represents the statistical significance of the experiment. The 

Pearson’s R, or (r) value is between -1 and 1, and the significance value (P-value) is 

between 0 and 1. 

P > 0.05  - There is a significant relationship between the two variables.  

P < 0.01 or P < 0 - There is no significant relationship between the variables.  

R > 0 - It has a positive relationship. 

R < 0 -  It has a negative relationship.  

Here, the researcher has measured the correlation between demographic variables and 

dependent variables.  

 

4.4.2.1. Analyzing the relationship between Gender and Success of EE 

Strategies and Practices in a DevOps environment. 

 

The Pearson correlation was calculated to determine that there is a relationship 

between poor communication and Success of Effort Estimation strategies and practices 

in the DevOps environment. As per Figure 24, Pearson's r is -0.386. The results of the 

two-tailed test are less than 0.001.  

r (378) = -0.386, p <0.001 and p < 0.01 

 

Hence, there is a significant negative relationship between gender and the success of 

effort estimation strategies in the DevOps environment.  
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 Figure 24: Pearson correlation between gender and Dependent variable 

 

4.4.2.2. Analyzing the relationship between Working Track and Success of EE 

Strategies and Practices in a DevOps environment. 

 

As per Figure 25, the coefficient correlation was computed to check that there is a 

relationship between the current working track and the Success of Effort Estimation 

strategies and practices in the DevOps environment. The Pearson's correlation 

coefficient (r) was -0.209 and the two-tailed significant value is less than 0.001 in 

between working track and the success of effort estimation strategies in the DevOps 

environment.  

r (378) = -0.209, p <0.001 and p < 0.01  

There is a significant negative relationship between the working track and the success 

of effort estimation strategies in the DevOps environment.  

     Figure 25:  Pearson correlation between working track and Dependent variable 
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4.4.2.3. Analyzing the relationship between Work Experience and the Success 

of EE Strategies and Practices in a DevOps environment. 

 

As appeared in Figure 26, the Pearson correlation value was figured out to verify that 

there is a relationship between work experience and the Success of Effort Estimation 

strategies and practices in the DevOps environment. Then, the Pearson's correlation 

coefficient(r) was -0.023 and the two-tailed significant value was 0.660.  

r (378) = -0.023, p = 0.660 and p > 0.05  

After the calculation, it was determined that there is no relationship between work 

experience and the Success of Effort Estimation strategies and practices in the DevOps 

environment. 

Figure 26: Pearson correlation between work experience and Dependent variable 

 

4.4.2.4. Analyzing the relationship between Education Level and the Success 

of EE Strategies and Practices in a DevOps environment. 

 

The Pearson correlation was calculated to determine that there is a relationship 

between the education level and the Success of Effort Estimation strategies and 

practices in the DevOps environment. As per Figure 27, Pearson's r is -0.095. The 

result of the two-tailed test is 0.063.  

 

r (378) = -0.095, p = 0.063 and p > 0.05 
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After the calculation, it was decided that there is no relationship between work 

experience and the Success of  Effort Estimation strategies and practices in a DevOps 

environment. 

Figure 27: Pearson correlation between education level and Dependent variable 

 

4.4.2.5. Analyzing the relationship between No. of Employees and Success of 

EE Strategies and Practices in a DevOps environment. 

Figure 28: Pearson correlation between no. of employees in EE strategies and 

Dependent variable 

 

As per Figure 28, the coefficient correlation was computed to check that there is a 

relationship between No. of Employees in the organization and the Success of Effort 

Estimation strategies and practices in the DevOps environment. Then, the Pearson's 

correlation coefficient (r) was -0.116, and the two-tailed significant value was 0.024 
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in between working track and the success of effort estimation strategies in the DevOps 

environment.  

r (378) = -0.116, p = 0.024 and p < 0.05  

 

No. of Employees in the organization and the success of effort estimation strategies in 

the DevOps environment has a significant negative relationship. 

 

4.4.2.6. Analyzing the relationship between Following EE Strategies and 

Success of EE Strategies and Practices in a DevOps environment. 

 

The Pearson correlation was calculated to determine that there is a relationship 

between the Following EE Strategies and the Success of Effort Estimation strategies 

and practices in the DevOps environment. As per Figure 29, Pearson's r is -0.094. The 

result of the two-tailed test showed a 0.069 significance value.  

r (378) = -0.094, p = 0.069 and p > 0.05 

After the calculation, it was decided that there is no relationship between the Following 

EE Strategies and the Success of Effort Estimation strategies and practices in the 

DevOps environment. 

Figure 29: Pearson correlation between following in EE strategies and Dependent 

variable 
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4.4.2.7. Analyzing the relationship between Category of Organization and 

Success of EE Strategies and Practices in a DevOps environment. 

 

As appeared in Figure 30, the Pearson correlation value was figured out to verify that 

there is a relationship between Organization Category and the Success of Effort 

Estimation strategies and practices in the DevOps environment. Then, the Pearson's 

correlation coefficient (r) was -0.063 and the two-tailed significant value was 0.223  

r (378) = -0.063, p = 0.223 and p > 0.05  

 

After the calculation, it was determined that there is no relationship between the 

Organization Category and the Success of Effort Estimation strategies and practices in 

the DevOps environment. 

Figure 30: Pearson correlation between following in EE strategies and Dependent 

variable 

 

4.4.2.8. Analyzing the relationship between Opinion on EE Strategies and the 

Success of EE Strategies and Practices in a DevOps environment. 

 

As appeared in Figure 31, the Pearson correlation value was figured out to verify that 

there is a relationship between the opinion on E.E Strategies and the Success of Effort 

Estimation strategies and practices in the DevOps environment. Then, Pearson's 

correlation coefficient (r) was -0.083, and the two-tailed significant value was 0.104.  

r (378) = -0.083, p = 0.104 and p > 0.05 
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After the calculation, it was determined that there is no relationship between opinion 

on E.E Strategies and the Success of Effort Estimation strategies and practices in the 

DevOps environment. 

Figure 31: Pearson correlation between following in EE strategies and Dependent 

variable 

 

4.5. Inferential Analysis 

 

 Correlation Analysis of Variables for entire sample Data 

 

The statistical relationship between all the independent variables and dependent 

variables was measured by the Pearson product-moment coefficient correlation 

(PPMCC) or bivariate correlation. As viewed in Figure 32, all the independent 

variables (poor communication, measurement, monitoring and technology stack, 

knowledge sharing, skills and experience, and deployment process), have positive 

Pearson’s R(r) values with the dependent variable the success of effort estimation 

strategies and practices in DevOps based software development. Perusing Section 

4.2.2, the dependent variable has a positive correlation with all the independent 
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variables. The positive relationship between the dependent and independent variables 

is also shown in Figure 32. 

Figure 32: Pearson correlation between all the Independent variables and Dependent 

variable 

 

 Hypothesis Testing 

 

Hypothesis testing is also called significance testing and is a statistical method that is 

used to decide the entire population. Ronald Fisher, Jerzy Neyman, Karl Pearson, and 

Pearson’s son, Egon Pearson are the founders of Hypothesis testing. There is a value 

called P-value (level of significance or criterion) which is used to make the decision. 

If the level of significance (Ho & Ho, 2019) is lesser than 0.05, the null hypothesis 

becomes true. Then the researcher happens to reject the value that is stated in the null 

hypothesis. 

 

http://en.wikipedia.org/wiki/Ronald_Fisher
http://en.wikipedia.org/wiki/Jerzy_Neyman
http://en.wikipedia.org/wiki/Karl_Pearson
http://en.wikipedia.org/wiki/Egon_Pearson
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4.5.2.1. Poor Communication and the Success of EE strategies and 

Practices in DevOps 

 

H1-0: There is no relationship between Poor Communication and the success of effort 

estimation Practices in the DevOps Environment.  

H1-1: There is a relationship between Poor Communication and the success of effort 

estimation Practices in the DevOps Environment. 

Pearson’s r was calculated to verify the relationship between Poor communication and 

EE Strategies and Practices in the DevOps environment. It is shown in Figure 33. The 

significance value (p) was < 0.001 at the 0.01 level.  

r (378) = 0.700, p < 0.001 and p < 0.01 

 

There is a positive relationship between poor communication and EE Strategies and 

Practices in the DevOps environment according to its correlation analysis.  

Its Pearson's correlation coefficient (r) is= 0.700 and P-value < 0.01 

Hence, the researcher was able to reject the H1-0 and accept the alternative hypothesis 

H1-1. 

Figure 33: Correlation analysis of Poor communication and EE Strategies and 

Practices 
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4.5.2.2. Measurements and the Success of EE strategies and Practices in 

DevOps 

 

H2-0: There is no relationship between Measurements and the success of effort 

estimation Practices in the DevOps Environment.  

H2-1: There is a relationship between Measurements and the success of effort 

estimation Practices in the DevOps Environment. 

Pearson’s r was calculated to verify the relationship between the Measurement and EE 

Strategies and Practices in the DevOps environment. It is shown in Figure 34. The 

significance value (p) was < 0.001 at the 0.01 level.  

r (378) = 0.496, p < 0.001 and p < 0.01 

 

There is a positive relationship between measurement and EE Strategies and Practices 

in the DevOps environment based on its correlation analysis.  

And its Pearson's correlation coefficient (r) = 0.496 and P-value < 0.01 

Hence, the researcher was able to reject the H2-0 and accept the alternative hypothesis 

H2-1 

Figure 34: Correlation analysis of Measurement and EE Strategies and Practices 
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4.5.2.3. Monitoring and the Success of EE strategies and Practices in 

DevOps 

 

H3-0: There is no relationship between the Monitoring function and the success of 

effort estimation Practices in the DevOps Environment. 

H3-1: There is a relationship between the Monitoring function and the success of effort 

estimation Practices in the DevOps Environment. 

Pearson’s r was calculated to verify the relationship between the Monitoring and EE 

Strategies and Practices in the DevOps environment. It is shown in Figure 35. The 

significance value (p) was < 0.001 at the 0.01 level.  

r (378) = 0.469, p < 0.001 and p < 0.01 

 

There is a positive relationship between monitoring and EE Strategies and Practices in 

the DevOps environment based on its correlation analysis.  

Its Pearson's correlation coefficient (r) is= 0.469 and P-value < 0.01 

Hence, the researcher was able to reject the H3-0 and accept the alternative hypothesis 

H3-1. 

Figure 35: Correlation analysis of Monitoring and EE Strategies and Practices 
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4.5.2.4. Technology Stack and the Success of EE strategies and Practices in 

DevOps 

 

H4-0: There is no relationship between the Technology Stack function and the success 

of effort estimation Practices in the DevOps Environment. 

H4-1: There is a relationship between the Technology Stack function and the success 

of effort estimation Practices in the DevOps Environment. 

Pearson’s r was calculated to verify the relationship between the Technology Stack 

and EE Strategies and Practices in the DevOps environment. It is shown in Figure 36. 

The significance value (p) was < 0.001 at the 0.01 level.  

r (378) = 0.760, p < 0.001 and p < 0.01 

 

There is a positive relationship between technology stack and EE Strategies and 

Practices in the DevOps environment based on its correlation analysis.  

Its Pearson's correlation coefficient (r) is = 0.760 and P-value < 0.01 

Hence, the researcher was able to reject the H4-0 and accept the alternative hypothesis 

H4-1. 

Figure 36: Correlation analysis of Technology Stack and EE Strategies and Practices 
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4.5.2.5. Knowledge Sharing and the Success of EE strategies and Practices 

in DevOps 

 

H5-0: There is no relationship between the Knowledge Sharing function and the 

success of effort estimation Practices in the DevOps Environment.  

H5-1: There is a relationship between the Knowledge Sharing function and the success 

of effort estimation Practices in the DevOps Environment. 

Pearson’s r was calculated to verify the relationship between Knowledge Sharing and 

EE Strategies and Practices in the DevOps environment. It is shown in Figure 37. The 

significance value (p) was < 0.001 at the 0.01 level.  

r (378) = 0.639, p < 0.001 and p < 0.01 

 

There is a positive relationship between knowledge sharing and EE Strategies and 

Practices in the DevOps environment based on its correlation analysis.  

Its Pearson's correlation coefficient (r) is= 0.639 and P-value < 0.01 

Hence, the researcher was able to reject the H5-0 and accept the alternative hypothesis 

H5-1. 

Figure 37: Correlation analysis of Knowledge Sharing and EE Strategies and 

Practices 
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4.5.2.6. Skills & Experience and the Success of EE strategies and Practices 

in DevOps 

 

H6-0: There is no relationship between the Skills and Experience function and the 

success of effort estimation Practices in the DevOps Environment. 

H6-1: There is a relationship between the Skills and Experience function and the 

success of effort estimation Practices in the DevOps Environment. 

Pearson’s r was calculated to verify the relationship between Skills & Experience and 

EE Strategies and Practices in the DevOps environment. It is shown in Figure 38. The 

significance value (p) was < 0.001 at the 0.01 level.  

r (378) = 0.682, p < 0.001 and p < 0.01 

 

There is a positive relationship between skills & experience and EE Strategies and 

Practices in the DevOps environment based on its correlation analysis.  

Its Pearson's correlation coefficient (r) is= 0.682 and P-value < 0.01 

Hence, the researcher was able to reject the H1-0 and accept the alternative hypothesis 

H1-1. 

 

Figure 38: Correlation analysis of Skills and Experience and EE Strategies and 

Practices 
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4.5.2.7. Deployment Process and Success of EE strategies and Practices in 

DevOps 

 

H7-0: There is no relationship between the Deployment Process function and the 

success of effort estimation Practices in the DevOps Environment.  

H7-1: There is a relationship between the Deployment Process function and the 

success of effort estimation Practices in the DevOps Environment. 

Pearson’s r was calculated to verify the relationship between Deployment Process and 

EE Strategies and Practices in the DevOps environment. It is shown in Figure 39. The 

significance value (p) was < 0.001 at the 0.01 level.  

r (378) = 0.598, p < 0.001 and p < 0.01 

 

There is a positive relationship between the deployment process and EE Strategies and 

Practices in the DevOps environment based on its correlation analysis.  

Its Pearson's correlation coefficient (r) is= 0.598 and P-value < 0.01 

Hence, the researcher was able to reject the H1-0 and accept the alternative hypothesis 

H1-1. 

Figure 39: Correlation analysis of Deployment Process and EE Strategies and 

Practices 
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Summary of the Hypothesis Testing 

Table 9 shows the summary of the hypothesis testing of this research study. The 

strength of the relationship is denoted according to Table 2 in Section 2.6.5. 

Table 9: Summary of the hypothesis testing results 

 

 

Hypothesis H0 HA Coefficient 

Correlation 

value 

Strength of 

the 

relationship 

Direction 

There is a relationship between 

Poor Communication and the 

success of effort estimation 

Practices in the DevOps 

Environment. 

Rejected Accepted 0.700 High Positive 

There is a relationship between 

Measurements and the success 

of effort estimation Practices 

in the DevOps Environment. 

Rejected Accepted 0.496 Low Positive 

There is a relationship between 

the Monitoring function and the 

success of effort estimation 

Practices in the DevOps 

Environment. 

Rejected Accepted 0.469 Low Positive 

There is a relationship between 

the Technology Stack function 

and the success of effort 

estimation Practices in the 

DevOps Environment. 

Rejected Accepted 0.760 High Positive 

There is a relationship between 

the Knowledge Sharing 

function and the success of 

effort estimation Practices in 

the DevOps Environment. 

Rejected Accepted 0.639 Moderate Positive 

There is a relationship between 

the Skills and Experience 

function and the success of 

effort estimation Practices in 

the DevOps Environment. 

Rejected Accepted 0.682 Moderate Positive 

There is a relationship between 

the Deployment Process 

function and the success of 

effort estimation Practices in 

the DevOps Environment. 

Rejected Accepted 0.598 Moderate Positive 
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4.6. Regression Analysis 

 

Regression analysis is used to check the relationship between a dependent variable and 

multiple independent variables. It consists of several statistical methods and can be 

utilized to measure the strength of the relationships and to prototype the future 

relationships of the variables. There are three variances of regression analysis, such as 

linear, multiple linear, and nonlinear. The researcher has conducted a simple linear 

regression analysis to find out the relationship between the variables in this study. A 

detailed description of the regression analysis will be denoted under this section by 

using three main tables mentioned in Section 2.6.6. 

 

 Independent Variable – Poor communication 

 

The summary of the regression analysis between Poor Communication and the Success 

of Effort Estimation strategies and practices in the DevOps environment is shown in 

Figure 40. R  and R2 values are 0.700 and 0.489 respectively. According to the 

explanation in Section 2.6.6.1, 48.9% of the variance in the Success of Effort 

Estimation strategies and practices can be explained by Poor Communication in this 

case. 

  Figure 40: Model Summary of Poor Communication 

 

ANOVA table for Poor Communication and Success of Effort Estimation Strategies 

and Practices in DevOps-based software development is represented in Figure 41. 

Here, the F value is 362.240 when the significance level is < 0.01. Section 2.6.6.2 

reveals a positive relationship between predictor (Poor Communication) and 

dependent variable (Success of EE Strategies and Practices), and there is a significant 
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model. Therefore, predictions can be made on the Success of Effort Estimation 

strategies and practices in a DevOps environment by Poor Communication. 

F (1,378) = 362.240 and P < 0.01 

 

Figure 41: ANOVA Table of Poor Communication 

 

 The coefficient table for Poor Communication and the Success of Effort Estimation 

Strategies and Practices in DevOps-based software development appears in Figure 42. 

As per the explanation in section 2.6.6.3, the regression equation is: - 

Success of EE Strategies & Practices = 0.717(Poor Communication) +0.518 

It reveals that 0.717 units increase in the Success of Effort Estimation Strategies and 

Practices when one unit increases in Poor Communication. The beta value is 0.700 and 

it represents the positive relationship between the variables. Considering this, poor 

communication at the effort estimation will be affected by the Success of effort 

estimation strategies and practices in the DevOps environment. Hence, there’s a need 

to enable communication methods when conducting the effort estimation in the 

DevOps environment.  
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 Figure 42: Coefficient Table for Poor Communication 

 

 Independent Variable – Measurements 
 

The summary of the regression analysis between Measurement and Success of Effort 

Estimation strategies and practices in the DevOps environment is shown in Figure 43. 

R  and R2 values are 0.496 and 0.246 respectively. According to the explanation in 

Section 2.6.6.1, 24.6% of the variance in the  Success of Effort Estimation strategies 

and practices can be explained by Measurement in this case. 

  Figure 43: Model Summary Table for Measurement  

 

ANOVA table for Measurement and the Success of Effort Estimation Strategies and 

Practices in DevOps-based software development is represented in Figure 44. Here, 

the F value is 123.228 when the significance level is < 0.01. Section 2.6.6.2 reveals a 

positive relationship between predictor (Measurement) and dependent variable 

(Success of EE Strategies and Practices), and there is a significant model. Therefore, 

predictions can be made on the Success of Effort Estimation strategies and practices 

in the DevOps environment by Measurement. 
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F (1,378) = 123.228 and P < 0.01 

  Figure 44: ANOVA Table for Measurement 

The coefficient table for Measurement and the Success of Effort Estimation Strategies 

and Practices in DevOps-based software development is depicted in Figure 45. As per 

the explanation in section 2.6.6.3, the regression equation is: - 

Success of EE Strategies & Practices = 0.403(Measurement) +0.979 

It reveals that there is a 0.403 unit increase in the Success of Effort Estimation 

Strategies and Practices when one unit increases in Measurement. The beta value is 

0.496 and this indicates the positive relationship between the variables. Considering 

this, measurement at the effort estimation will be affected by the success of effort 

estimation strategies and practices in the DevOps environment. Hence, we need to 

break down the task into small chunks and measure the effort of each of them when 

conducting effort estimation in the DevOps environment.  

Figure 45: Coefficient Table for Measurement 
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 Independent Variable – Monitoring 
 

The summary of the regression analysis between Monitoring and the Success of Effort 

Estimation strategies and practices in the DevOps environment is shown in Figure 46. 

R  and R2 values are 0.469 and 0.220 respectively. According to the explanation in 

Section 2.6.6.1, 22.0% of the variance in the Success of Effort Estimation strategies 

and practices can be explained by Monitoring in this case. 

  Figure 46: Model Summary Table for Monitoring 

 

ANOVA table for Monitoring and the Success of Effort Estimation Strategies and 

Practices in DevOps-based software development is represented in Figure 47. Here, 

the F value is 106.311 when the significance level is < 0.01. Section 2.6.6.2 reveals a 

positive relationship between predictor (Monitoring) and dependent variable (EE 

Strategies and Practices), and there is a significant model. Therefore, predictions can 

be made on the Success of Effort Estimation strategies and practices in the DevOps 

environment by Monitoring. 

F (1,378) = 106.311 and P < 0.01 

Figure 47: ANOVA Table of Monitoring 
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The coefficient table for Monitoring and the Success of Effort Estimation Strategies 

and Practices in DevOps-based software development appears in Figure 48. As per the 

explanation in section 2.6.6.3, the regression equation is: - 

Success of EE Strategies & Practices = 0.445(Monitoring) +0.833 

It reveals that 0.445 units increase in the Success of Effort Estimation Strategies and 

Practices when there’s one unit increase in Monitoring. The beta value is 0.469 and it 

indicates the positive relationship between the variables. Considering this, monitoring 

at the effort estimation will be affected by the success of effort estimation strategies 

and practices in the DevOps environment. Hence, there’s a need to enable monitoring 

methods at the effort estimation in the DevOps environment.  

Figure 48: Coefficient Table for Monitoring 

 

 Independent Variable – Technology Stack 

 

The summary of the regression analysis between Technology Stack and the Success 

of Effort Estimation strategies and practices in the DevOps environment is shown in 

Figure 49. R and R2 values are 0.760 and 0.577 respectively. According to the 

explanation in Section 2.6.6.1, 57.7% of the variance in the Success of Effort 

Estimation strategies and practices can be explained by Technology Stack in this case. 
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Figure 49: Model Summary Table for Technology Stack 

 

ANOVA table for Technology Stack and the Success of Effort Estimation Strategies 

and Practices in DevOps-based software development is represented in Figure 50. 

Here, the F value is 516.050 when the significance level is < 0.01. Section 2.6.6.2 

reveals a positive relationship between predictor (Technology Stack) and dependent 

variable (EE Strategies and Practices), and there is a significant model. Therefore, 

predictions can be made on the Success of Effort Estimation strategies and practices 

in the DevOps environment by Technology Stack. 

F (1,378) = 516.050 and P < 0.01 

 

Figure 50: ANOVA Table of Technology Stack 

 

The coefficient table for Technology Stack and the Success of Effort Estimation 

Strategies and Practices in DevOps-based software development is indicated in Figure 

51. As per the explanation in section 2.6.6.3, the regression equation is: - 

Success of EE Strategies & Practices = 0.749(Technology Stack) +0.340 
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It reveals that there’s a 0.445 units increase in the Success of Effort Estimation 

Strategies and Practices when there’s a one-unit increase in Technology Stack. The 

beta value is 0.760 and it represents the positive relationship between the variables. 

Considering this, the technology stack at the effort estimation will be affected by the 

success of effort estimation strategies and practices in the DevOps environment. 

Hence, the team needs to think about the technology stack of the software project at 

the effort estimation in the DevOps environment.  

 

  Figure 51: Coefficient Table for Technology Stack 

 

 Independent Variable – Knowledge Sharing 

 

The summary of the regression analysis between Knowledge Sharing and the Success 

of Effort Estimation strategies and practices in the DevOps environment is shown in 

Figure 52. R  and R2 values are 0.639 and 0.408 respectively. According to the 

explanation in Section 2.6.6.1, 40.8% of the variance in the Success of Effort 

Estimation strategies and practices can be explained by Knowledge Sharing in this 

case. 

 

  Figure 52: Model Summary for Knowledge Sharing 



87 
 

 

ANOVA table for Knowledge Sharing and the Success of Effort Estimation Strategies 

and Practices in DevOps-based software development is represented in Figure 53. 

Here, the F value is 260.617 when the significance level is < 0.01. Section 2.6.6.2 

reveals a positive relationship between predictor (Knowledge Sharing) and dependent 

variable (EE Strategies and Practices), and there is a significant model. Therefore, 

predictions can be made on the Success of Effort Estimation strategies and practices 

in the DevOps environment by Knowledge Sharing. 

F (1,378) = 260.617 and P < 0.01 

Figure 53: ANOVA Table for Knowledge Sharing 

 

The coefficient table for Knowledge Sharing and Effort Estimation Strategies and 

Practices in DevOps-based software development appears in Figure 54. As per the 

explanation in section 2.6.6.3, the regression equation is: - 

Success of EE Strategies & Practices = 0.550(Knowledge Sharing) +0.721 
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It reveals that there’s a 0.445 unit increase in the Success of Effort Estimation 

Strategies and Practices when there’s a one-unit increase in Knowledge Sharing. The 

beta value is 0.639 and this represents the positive relationship between the variables. 

Considering this, knowledge sharing at the effort estimation will be affected by the 

success of effort estimation strategies and practices in the DevOps environment. 

Hence, an organization needs to encourage and enable Knowledge Sharing methods at 

the effort estimation in the DevOps environment.  

Figure 54: Coefficient Table for Knowledge Sharing 

 

 Independent Variable – Skills and Experience 

 

The summary of the regression analysis between Skills and Experience and the 

Success of Effort Estimation strategies and practices in the DevOps environment is 

shown in Figure 55. R  and R2 values are 0.682 and 0.465 respectively. According to 

the explanation in Section 2.6.6.1, 46.5% of the variance in the Success of Effort 

Estimation strategies and practices can be explained by Skills and Experience in this 

case. 

  Figure 55: Model Summary for Skills and Experience 
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ANOVA table for Skills & Experience and the Success of Effort Estimation Strategies 

and Practices in DevOps-based software development is represented in Figure 56. 

Here, the F value is 328.047 when the significance level is < 0.01. Section 2.6.6.2 

reveals a positive relationship between predictor (Skills and Experience) and 

dependent variable (EE Strategies and Practices), and there is a significant model. 

Therefore, predictions can be made on the Success of Effort Estimation strategies and 

practices in the DevOps environment by Skills and Experience. 

F (1,378) = 328.047 and P < 0.01 

       Figure 56: ANOVA Table for Skills and Experience 

 

A coefficient table for Skills & Experience and the Success of Effort Estimation 

Strategies and Practices in DevOps-based software development is depicted in Figure 

57. As per the explanation in section 2.6.6.3, the regression equation is: - 

EE Strategies & Practices = 0.629(Skills and Experience) +0.539 

It reveals that there’s a 0.629 units increase in the Success of Effort Estimation 

Strategies and Practices when there’s a one-unit increase in Skills and Experience. The 

beta value is 0.682, and this represents the positive relationship between the variables. 

Considering this, knowledge sharing at the effort estimation will be affected by the 

success of effort estimation strategies and practices in the DevOps environment. 

Hence, the project team needs to give priority to the Skills and Experience at the effort 

estimation in the DevOps environment. That means expertise judgments on the 

estimation are acceptable. 
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            Figure 57: Coefficient Table for Skills and Experience 

 

 Independent Variable – Deployment Process 

 

The summary of the regression analysis between the Deployment Process and the 

Success of Effort Estimation strategies and practices in the DevOps environment is 

shown in Figure 58. R  and R2 values are 0.598 and 0.357 respectively. According to 

the explanation in Section 2.6.6.1, 35.7% of the variance in the Success of Effort 

Estimation strategies and practices can be explained by the Deployment Process in this 

case. 

 

               Figure 58: Model Summary Table for Deployment Process 

 

ANOVA table for Deployment Process and the Success of Effort Estimation Strategies 

and Practices in DevOps-based software development is represented in Figure 59. 

Here, the F value is 209.938 when the significance level is < 0.01. Section 2.6.6.2 

reveals a positive relationship between predictor (Deployment Process) and dependent 

variable (EE Strategies and Practices), and there is a significant model. Therefore, 

predictions can be made on the Success of Effort Estimation strategies and practices 

in the DevOps environment by the Deployment Process. 
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.F (1,378) = 209.938 and P < 0.01 

  Figure 59: ANOVA Table for Deployment Process 

 

The coefficient table for Deployment Process and the Success of Effort Estimation 

Strategies and Practices in DevOps-based software development appears in Figure 60. 

As per the explanation in section 2.6.6.3, the regression equation is: - 

Success of EE Strategies & Practices = 0.436(Deployment Process) +0.907 

It reveals that there’s a 0.717 units increase in the Success of Effort Estimation 

Strategies and Practices when there’s a one-unit increase in the Deployment Process. 

The beta value is 0.598 and this represents the positive relationship between the 

variables. Considering this, the deployment process at the effort estimation will be 

affected by the success of effort estimation strategies and practices in the DevOps 

environment. Hence, the team should pay attention to its project deployment process 

at the effort estimation in the DevOps environment.  

Figure 60: Coefficients Table for Deployment Process 

 

4.7. Conclusion 

 

The researcher has explained how data analysis occurred for the collected data in this 

chapter. Data was collected by preparing a questionnaire with the use of Google Forms.  
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Then the questioner was published in certain Social Media applications like Gmail 

Groups, and LinkedIn. Reliability analysis was conducted before publishing the 

questionnaire. The purpose was to verify the validity of the questions in the 

questionnaire.  After collecting the 380 data, the researcher started to analyze the data 

with the IBM SPSS subscription tool. As the first data analysis, the researcher has done 

the descriptive analysis for the demographic data.  Then the researcher was able to get 

an idea about the population in the study. Then, the researcher analyzed the 

relationship between demographic data and the dependent variable in the research 

study. By doing that, the researcher could get an idea about how the population move 

with effort estimation strategies and practices in DevOps. After that, the researcher has 

performed the inferential and correlation analysis. By doing the correlation analysis 

researcher could identify the relationship between the variables. The Inferential 

analysis helped to make inferences about the population with the use of sample data. 

Finally, the regression analysis was carried out for the collected data. It assisted in 

examining the impact on the dependent variable by each selected independent variable. 

Then the researcher could find all the independent variables which impacted the 

dependent variable in this research study.  
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5. RECOMMENDATIONS AND CONCLUSION 
 

5.1. Chapter Introduction 

 

The data analysis is elaborated in chapter 4, for the sake of exploring the defined 

objectives of the research study. The hypotheses were tested successfully and the 

defined objectives were analyzed subsequently. In this chapter, the conclusion and the 

inferences are briefed with the aid of the results in the data analysis in chapter 4. Later 

on, the recommendations are presented for continuing the effort estimation phase 

successfully. Future research plans are described to expand this research study. Finally, 

the events which could not be controlled by the researcher are included.  

 

 Research End Results based on Demographic analysis 

 

The detailed explanation was elaborated in Section 4.4.1. It is about the demographic 

data analysis and understanding of the basic characteristics or features of the 

respondents. They were involved in this research study by filling the questionnaire.  

The Pearson correlation was used to identifying the relationship between the predictor 

and demographic variables. The correlation analysis for the demographic variables is 

shown in Section 4.4.2.  

According to Figure 16, in Section 4.4.1, the majority of software professionals in the 

IT industry are males, and it was 57% of the 380 sample data. The rest of the 43% of 

the sample data was mentioned as female software professionals. Pearson's r was -

0.386 and it is attributed in Section 4.4.2.1. The result of the two-tailed test is <0.001. 

Hence, the significant value is less than 0.01. Then, there is a relationship between 

gender (demographic variable), and the effort estimation strategies and practices in the 

DevOps environment (dependent variable).  

The researcher tried to identify the respondents by working track-wise without sticking 

to the particular job roles. Hence, the researcher included the “Dev” and “Ops” into 

two answers. The answer Dev, included all the software engineers, Full-stack 



94 
 

engineers, Tech Lead or Technical Architecture. The Ops included Application 

Engineer, System Support Engineer, DevOps Engineers, and Database administrators. 

When examining the current working track of the respondents in Figure 17 in Section 

4.4.1, the majority of the software professionals belongs to the “Dev” track. That is, 

28% out of 380. Secondly, most of the respondents belong to the “Quality Assurance” 

track and it was 26% of the sample data. It shows that most of the software 

professionals belonged to Dev in the Sri Lankan IT industry. According to the 

correlation analysis for the current working track in Section 4.4.2.2, Pearson's 

correlation coefficient (r) is -0.209 with <0.001 two-tailed significant value. 

Therefore, the significant value is <0.01, and there is a relationship between the current 

working track and the Success of Effort estimation strategies and practices in DevOps-

based software development.  

When comparing the work experience of the respondents, the majority of the sample 

had 2- 6 Years of work experience in the software industry, and it was 65% of the 380. 

Secondly, large respondents have attributed as 6-10 Years and it was 28% of the 

sample data. It is shown in Figure 18 in Section 4.4.1. This reveals that most of the 

software professionals belonged to the mid-experience level in DevOps-based 

software development in the Sri Lankan IT industry. Software professionals have some 

extent of experience in their carrier. Based on the correlation analysis with work 

experience and EE strategies and practices in the DevOps environment in Section 

4.4.2.3, Pearson's correlation coefficient (r) was -0.023 with a two-tailed significant 

value of 0.660. Hence, the significant value > 0.05, and there is no relationship between 

the work experience and EE strategies and practices in the DevOps environment.  

As shown in Figure 19 of Section 4.4.1, the majority of the respondents were 

Bachelor’s degree holders. It is 73% of the 380. The second-highest respondents were 

18% of the 380 sample data. They have attributed to Master’s degree holders in this 

research study. Hence, 91% of the sample were degree holders. It indicates that there 

are well-educated software professionals in the Sri Lanka IT industry. When 

considering the correlation analysis in Section 4.4.2.4, there is no relationship between 

the highest education level and EE strategies and practices of the particular 

respondents in this industry, because the calculated Pearson's correlation coefficient (r) 
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was -0.095 with a two-tailed significant value of 0. 063. Hence, with the significant 

value being > 0.05, there is no relationship between the dependent variable and the 

independent variable.  

As per Figure 22 in Section 4.4.1, 91% of the respondents have mentioned that they 

are following effort estimation strategies and practices in their organization, and the 

rest of the 9% of the sample data have attributed as no. That means, most of the 

respondents in organizations are following the effort estimation strategies and 

practices.  

According to Figure 21 in Section 4.4.1, most of the respondents have mentioned that 

their organizations are Product-based companies. It is 46% of the sample data. The 

second highest respondents have attributed it as both product and service-based. This 

means nowadays the software companies do not stick to the product or service based 

while they provide their services to customers. Most organizations follow effort 

estimation strategies regardless of whether the software organization is a product-

based or a service-based company. When considering their opinion on effort 

estimation strategies and practices in the DevOps environment in Figure 23, in Section 

4.4.1, 52% of the sample data of the respondents have indicated it as positive. It means 

that most software professionals have a positive mindset on the effort estimation 

strategies in the DevOps environment. Most of the software professionals are aware of 

nothing except the DevOps job role regarding the term called DevOps. 

 

5.2. Consequences of the research 

 

The main purpose of this research is to explore the factors which need to be considered 

at the effort estimation phase in DevOps-based software development. Then, analyze 

the existing techniques which are currently used at the effort estimation phase and 

explore the drawbacks of existing effort estimation techniques. Finally, the researcher 

expects to introduce an effort estimation guideline (“Best Practices”) which could be 

used at the effort estimation phase, and it will help in predicting the reliable software 

project timeline. The researcher identified the seven possible factors as Poor 
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Communication, Measurement, Monitoring, Technology Stack, Knowledge Sharing, 

Skills and Experience, and Deployment Process. In this section, the researcher is going 

to find out the most considered factors in the success of effort estimation in the DevOps 

environment. 

 

  Hypothesis Testing: Poor Communication 

 

H1-1: There is a relationship between Poor Communication and the Success of Effort 

Estimation Practices in the DevOps Environment. 

The calculated Pearson's r (r) was 0.700. The positive correlation is denoted between 

Poor communication and EE strategies and practices in the DevOps environment in 

the correlation analysis of Section 4.5.2.1. As there is a high positive relationship, the 

efforts can be easily measured when enabling the high communication opportunities 

at the estimation. The efforts generated after spending sufficient time on 

communication will be more accurate. Communication can be enabled in several ways 

such as encouraging to have team discussions, clearing all the tasks by questioning 

back and forth, and by using visual communication to explain difficult scenarios.  

When comparing other factors’ correlation values, this has the second-highest 

correlation value. 48.9% of the variance in EE strategies is explained by Poor 

communication in Section 4.6.1. It means that enabling communication or in other 

words, avoiding poor communication hindrance will help on effort estimation.  

 

  Hypothesis Testing: Measurements 

 

H2-1: There is a relationship between Measurements and the Success of Effort 

Estimation Practices in the DevOps Environment. 

The calculated Pearson's r (r) was 0.496. The positive correlation is denoted between 

Measurements and EE strategies and practices in the DevOps environment of the 

correlation analysis in Section 4.5.2.2. As there is a low positive relationship, the effort 

consumed for a particular task can be easily measured by carrying on measurement for 

the subtasks at the estimation. In other words, the total effort can be easily measured 
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for a particular task, having a small chunk of measurement for subtasks. That means 

the main tasks are divided into small pieces of subtasks. Then, the efforts are estimated 

for those subtasks. Finally, the total effort of a particular task is calculated together. 

According to Section 4.6. 2. the variance of the measurements and effort estimation 

strategies is 24.6%. This means the 24.6% variance of the Success of Effort estimation 

strategies can be explained by measurements. The effort estimation can be successful 

by managing small measurements for each subtask in the main task. 

 

  Hypothesis Testing: Monitoring 

 

H3-1: There is a relationship between the Monitoring function and the Success of 

Effort Estimation Practices in the DevOps Environment. 

The calculated Pearson's r (r) was 0.469. The positive correlation is denoted between 

Monitoring and EE strategies and practices in the DevOps environment of the 

correlation analysis in Section 4.5.2.3. As there is a positive relationship, the efforts 

can be easily achieved when enabling the monitoring opportunities at the estimation. 

22.0% of the variance in EE strategies is explained by Monitoring in Section 4.6.3. It 

means that enabling monitoring or, in other words, tracking each task and subtasks 

will help with effort estimation in the DevOps environment.  

 

  Hypothesis Testing: Technology Stack 

 

H4-1: There is a relationship between the Technology Stack function and the Success 

of Effort Estimation Practices in the DevOps Environment. 

 

The calculated Pearson's r (r) was 0.760. The positive correlation is denoted between 

Technology Stack and EE strategies and practices in the DevOps environment of the 

correlation analysis in Section 4.5.2.4. As there is a high positive relationship, the 

efforts can be easily measured when considering the tech-stack of the project at the 

estimation. The efforts which are generated after considering the tech stack in the 
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system will be more accurate. Tech Stack can be enabled in several ways such as, by 

conducting technical sessions, and having tech talks to share the technical experience 

of the system with others. This has the highest correlation value when comparing with 

other correlation values of factors. 57.7% of the variance in EE strategies is explained 

by the Tech stack of the project in Section 4.6.4. It means that the effort estimation 

will be affected by the technology stack of the project. Hence, we should consider that 

the change is matching with the tech stack or is compatible when estimating the effort.  

 

  Hypothesis Testing: Knowledge Sharing 

 

H5-1: There is a relationship between the Knowledge Sharing function and the Success 

of Effort Estimation Practices in the DevOps Environment. 

The calculated Pearson's r (r) was 0.682. The positive correlation is denoted between 

Knowledge Sharing and EE strategies and practices in the DevOps environment of the 

correlation analysis in Section 4.5.2.5. As there is a moderate positive relationship, the 

effort consumed for a particular task can be easily measured by carrying on 

measurement for the subtasks at the estimation. In other words, all the team members 

can measure the effort of a particular task, if they possess good knowledge about that 

particular area of the project. That means, all the developers and operations should 

know about what others are doing in the system. Then, all have the same amount of 

knowledge and can predict the effort time for a particular task. According to section 

4.6.5. the variance of the measurements and effort estimation strategies is 40.8%. This 

means that the 40.8% variance of the Success of Effort estimation strategies can be 

explained by knowledge sharing. The entire team doesn’t have an idea of what others 

do when the project becomes large and the number of developers increases. Hence, 

effort estimation can be successfully measured if everyone can share their experience 

once a modification is done to the project. 
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  Hypothesis Testing: Skills and Experience 

 

H6-1: There is a relationship between the Skills and Experience function and the 

Success of effort estimation Practices in the DevOps Environment. 

The positive correlation is denoted between Skills & Experience and EE strategies and 

practices in the DevOps environment in the correlation analysis in Section 4.5.2.6, and 

the calculated Pearson's r (r) was 0.682. As there is a moderate positive relationship, 

the effort consumed for a particular task can be easily measured at the estimation by 

improving the skill. In other words, all team members have different skills when 

coding.  Hence, those skills are useful when estimating the effort. This means, all the 

developers and operations should have the skill of working on any kind of situation 

and any part of the project in the system. Then, all have that same knowledge and can 

predict and measure the effort time for a particular task. According to section 4.6.6, 

the variance of the skills and experience, and effort estimation strategies is 46.5%. This 

means that the 46.5% variance of the Success of Effort estimation strategies can be 

explained by skills and experience. The entire team doesn’t have an idea of what others 

do when the project becomes large and the number of developers increases. Hence, 

effort estimation can be successfully measured if everyone can share their experience 

once a modification is done to the project. 

 

  Hypothesis Testing: Deployment Process 

 

H7-1: There is a relationship between the Deployment Process function and the 

Success of Effort Estimation Practices in the DevOps Environment. 

The positive correlation is denoted between Deployment Process and EE strategies and 

practices in the DevOps environment in the correlation analysis in Section 4.5.2.7, and 

the calculated Pearson's r (r) was 0.598. As there is a moderate positive relationship, 

the effort consumed for a particular task can be easily measured at the estimation by 

enabling the deployment process in the system. In other words, if the project has 

conveyed a deployment process, then time and effort consumed for the releases could 

not be considered.  Because there’s no requirement for the occupation of human 
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resources for deployment. This means, the deployment process saves the time of 

continuous deploying and delivering effort and time. According to section 4.6.7, the 

variance of the deployment process and effort estimation strategies is 35.7%. This 

means that the 35.7% variance of the Success of Effort estimation strategies can be 

explained by the deployment process.  

 

5.3. Factor Analysis Output 

 

As shown in the correlation analysis in Section 4.5.2, two factors are most influenced 

by the dependent variable, the Success of Effort Estimation strategies, and practices in 

DevOps. Those factors are, poor communication and Tech stack. Knowledge sharing, 

skills & experience, and deployment process are moderately impacted on effort 

estimation strategy and practices in DevOps-based software development. 

Measurements and monitoring are a low impact on the success of effort estimation 

strategies and practices in DevOps-based software development. Figure 61 shows the 

strength of the relationship of each factor with the dependent variable. This means, the 

strength of the correlation between factors and dependent variable. The colours which 

are used for independent variables shows the strength of the relationship. High 

correlation is represented by dark blue. The blue colour for moderate correlation. The 

low correlation is denoted by light blue.  
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  Figure 61: Summary of Factor Analysis 

 

5.4. Recommendations 

 Establishing sufficient time on communicating effectively at the effort 

estimation stage. 

 

Effective Communication is one of the most important factors affecting effort 

estimation in the DevOps environment. As (Lwakatare, Karvonen, et al., 2016) stated, 

effective communication is required when working on new features. Because, when 

people work in several modules they don’t have an idea about what takes place outside 

the project. It means people work silos in their modules and don’t know what others 

are doing. Sometimes, several developers do the same thing in different modules. They 

are unaware of it because of poor communication.  Hence, people need to communicate 

effectively in the estimation stage. There is a high positive correlation between poor 

communication and the success of effort estimation strategies and practices in the 

DevOps environment in Section 4.5.2.1. It is stated that 48.9% of the variance in the 

success of effort estimation strategies and practices can be explained by poor 

communication in Section 4.6.1. The factor called poor communication has been 

identified as a subfactor under the collaboration aspects by the researcher. Hence, the 
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developers can easily estimate the effort by enhancing communication and allowing 

sufficient time for communication at the effort estimation stage in an effective way. It 

will help to deliver projects on time and win over the customers. When comparing the 

remaining seven factors, poor communication plays a vital role in effort estimation. In 

other words; collaboration aspects should be improved in a team at the effort 

estimation. According to the works of literature, the researchers have proved that the 

collaboration should be improved within and between the teams to accelerate the 

deliveries in the DevOps environment.  

Allowing proper communication and improving the communication at the estimation 

were the answers of 95% of the respondents in DevOps culture. It is shown clearly 

when considering the responses of the questions like “The scope of the assigned tasks 

can be easily understood if we improve the communication skills”, “Proper 

communication helps to improve the motivation to fulfill a task in DevOps practice” 

in the questionnaire.  

Especially, the team should be encouraged to communicate the related areas such as 

“What are the impacted areas”, “What sort of development they are going to do”, 

“Similar types of development have done before” of the tasks. Then it would help to 

increase others' knowledge regarding the development process. Improving 

communication can be done at the teams’ level and organization level.  For that, the 

team or organization can follow below practices: 

 Convincing the employees at the interviews that the communication at the 

estimation is highly considered.  

 Reminding team members, the importance of communication at estimation 

before every estimation cycle. 

 Let all team members be involved in effort estimation and communicating.  

 Expertise should give their honest feedback on communication to convey the 

estimation stage effectively. 
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 Encouraging to maintain the measurements and matrices at the Effort 

Estimation. 
 

Another important aspect is measuring the important objects which are related to effort 

estimation at the estimation stage. Here, the researcher considered the numerical 

values or relative sizes for the events or objects as the measurement. It simply states 

out the maintaining the matrices at the estimation. According to (Kerzazi & Adams, 

2016) and (Nicolau de França et al., 2016), measurement is a key component and it is 

started from collecting systematic metrics. It helps to make decisions in software 

development. Measurement is understanding the code and environment when 

considering the importance of effort estimation. For example, if the team is discussing 

the effort of a task, all the team members should be participating in the estimation by 

break downing those tasks into small pieces such as identifying the frontend /back end 

development separately, database changes, deciding the library usage, etc. 

 Then, estimate the effort for those small pieces with the use of metrics. Finally, 

calculate the total effort of a particular task, by getting the summation of the total 

efforts of small pieces. If everyone uses their matrices to estimate the effort, it will be 

easy to identify the easiest way to develop that particular task. By comparing measured 

estimations, the team can decide the proper way to develop that task. There is a positive 

correlation between measurement and the success of effort estimation strategies and 

practices in the DevOps culture of the correlation analysis in Section 4.5.2.2. As per 

Section 4.6.2, there is 24.6% of the variance in the success of effort estimation 

strategies and practices can be explained by measurement. The factor called 

measurement is another important aspect of effort estimation. Hence, the developers 

can easily estimate the effort by breaking down the main task into small tasks. If the 

team can introduce the proper guideline for keeping the measurements, then the team 

can follow the same protocol when doing estimation. If the team can identify the 

common structure for the estimation matrices, they can follow that structure to 

estimate. This would eventually make estimation easier for all. 

Introducing the Measuring Tools and well-defined Measuring Guidelines at the 

estimation, and giving the structure of effort estimation metrics were the answers of 
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92% of the respondents in DevOps culture. It is shown clearly by the responses of the 

questions like “The use of Measuring Tools and well-defined Measuring Guidelines, 

make it easy to estimate the required effort in the DevOps practice.”, “Given the 

structure of effort estimation metrics make it easy estimation in DevOps practice” in 

the questionnaire.  

The following practices can be followed by the Dev and Ops in DevOps culture at the 

estimation stage: 

 Advise team members to follow estimations guidelines. 

 Convincing them to follow effort estimation matrices at the effort 

estimation stage.  

 Identify the estimation gap between each other by comparing each 

ones’ estimation for a particular task. 

 

 Introducing the monitoring tools and guidelines.  

 

Monitoring is another important aspect that affects effort estimation in DevOps 

culture. As (Ebert et al., n.d.) mentioned, the monitoring tools let the identified 

infrastructure problems be resolved before they affect the working business process. 

Hence, monitoring is playing a big role in DevOps culture. Many researchers have 

proved that continuous monitoring is more helpful to fast project deliveries since 

developments are happening over time in DevOps culture. There is a positive 

correlation between monitoring and the success of effort estimation strategies and 

practices in the DevOps environment in Section 4.5.2.3. It is stated, 22.0% of the 

variance in the success of effort estimation strategies and practices can be explained 

by the monitoring in Section 4.6.3. 

Also, the responses of the questions such as “Monitoring development milestones 

helps to determine the effectiveness of the Dev team”, “Involvement of Technical 

Expertise will be an added advantage in the effort estimation.”, “The impacted areas 

of development can be identified by Continuous Monitoring of the system”, and over 

85% of the respondents believe that if the team monitor the application continuously, 
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they can find the issues before it occurs in the production environment, and it is helped 

to resolve those issues on board.  

 

 Enabling tech-supportive environment. 

 

Most of the software and IT industries strive to be fast and efficient. DevOps has come 

into the industry as a model which brings innovative products and new features faster 

to the market. There are several technologies available for the transition between 

development and operations in the market. As mentioned in (Perera, Bandara, et al., 

2017), all members should be accountable for their duties and their undelaying 

technical aspects from the start to the end in the production model. Hence, everyone 

should be conscious of the end to end technical backgrounds of the project. Therefore, 

technical expertise should have participated in the effort estimation phase. The 

developers ponder on how to conduct the development part once the new requirements 

come in. At that instant, they should think about the compatibility of the particular 

change with the existing technology stack. If that change is not compatible with the 

tech stack, developers need to find a substitute solution for that. Hence, technical 

expertise should participate in effort estimation.  

There is a high positive correlation between technology-stack and the success of effort 

estimation strategies and practices in the DevOps environment in Section 4.5.2.4, and 

it is stated that 57.7% of the variance in the success of effort estimation strategies and 

practices can be explained by the technology stack in Section 4.6.4. The factor called 

technology-stack has been identified as a subfactor under the socio-technical aspects 

by the researcher. Hence, the developers can easily estimate the effort if they have an 

idea about the technology stack on the project. If all team members possess a good 

understanding of the structure-wise frontend-backend of the application, the team can 

easily estimate the efforts. When comparing with the other seven factors, the technical 

aspects play a vital role in effort estimation. If stated in other terms; the socio-technical 

aspects should be improved in the team at the effort estimation. Knowledge sharing 

and Skills and Experience are the other two aspects identified by the researcher, under 

the socio-technical aspects. According to the works of literature, the researchers have 
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proven that the DevOps team requires members with multiple skills. Hence, the 

DevOps team should comprise all available techs in the projects. 

Also, the responses of the questions such as “The project Requirements and 

Enhancements should be compatible with the Tech-Stack (Set of tools, frameworks, 

and libraries) of the application.”, “Involvement of Technical Expertise will be an 

added advantage in the effort estimation.”, “Having a good understanding of the Tech-

Stack (Structure Wise-Frontend/Backend) of the application to the team will make it 

easier to estimate the effort.”, 90% of the respondents believe that if the team fully 

understands the tech stack in the project, they can easily estimate effort.  

Therefore, the team can follow the below practices to enable a tech-supportive 

environment at the estimation. 

 Try to find the ready-made (Ideally suited) solution for new 

requirements and enhancements. 

 Create a group of knowledgeable persons who possess a good 

understanding on the Tech-Stack (Structure Wise-Frontend/Backend). 

 Always validate new changes that are going to be implemented in the 

project by the tech expertise. 

 Tech expertise should guide the estimation phase. 

 

 Establish Knowledge Sharing and a fully skilled platform. 

 

The positive correlation between knowledge sharing and effort estimation strategies 

and practices in the DevOps environment is shown in Section 4.5.2.5. Section 4.5.2.6 

elaborates a positive correlation between skills and experience and the success of effort 

estimation strategies and practices in the DevOps environment. It is stated that 40.8% 

of the variance in the success of effort estimation strategies and practices can be 

explained by knowledge sharing in Section 4.6.5. Also, 46.5% of the variance in the 

success of effort estimation strategies and practices can be explained by skills and 

experience in Section 4.6.6. The factors called knowledge sharing and skills and 

experience are identified as subfactors under the socio-technical aspects by the 
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researcher. As mentioned in  (Hemon, Fitzgerald, et al., 2020), knowledge sharing is 

considered as one of the four pillars of DevOps culture. Hence, it is an important aspect 

in the effort estimation stage as well. Knowledge Sharing occurs when someone shares 

what he knows with others. If all team members are well aware of the application, the 

effort can be easily estimated. (Nielsen et al., 2017) has identified the DOKS 

framework to distribute the knowledge among the teammates.  

It is shown by the responses of the questions such as, “The use of prior Skills and 

Experiences would help to measure the effort in DevOps practice.”, “Sharing Research 

and Development (R&D) experiences in the application makes it easy to estimate the 

effort in the DevOps practice.”. 90% of respondents believe that sharing the knowledge 

of the project activities helps in effort estimation and continuous deliveries.  The below 

practices can be followed when sharing the knowledge: 

 Sharing the tactic knowledge such as experience and feelings with the 

team.  

 Allowing to share the knowledge through meetings that can be held 

with the participation of customers or IT Development and IT 

Operation teams (Scrum meeting and Sprint Retrospective meeting). 

 Helping to conduct the Technical sessions, Tech Talks within the team 

and with the participating industry experts.   

The responses of the questions such as “Having Skills and Experience in a specific 

area in development helps me in effort estimation personally”, “The use of prior Skills 

and Experiences in the specific programming language would help to measure the 

effort easily in the DevOps context” reveal that 90% of the respondents believe if they 

have skills and experience in different technology backgrounds, they can easily 

estimate efforts.  

 

 Automating the repetitive activities in the application 
 

The positive correlation between the deployment process and the success of effort 

estimation strategies and practices in the DevOps environment is shown in Section 
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4.5.2.7. It is stated that 57.7% of the variance in the success of effort estimation 

strategies and practices can be explained by the technology stack in Section 4.6.7. The 

factor called deployment process has been identified as a subfactor under the 

automation aspects by the researcher. As stated in (Nicolau de França et al., 2016) and 

(Bucena & Kirikova, 2017), the DevOps culture aims to automate all repetitive 

activities such as deployment process, scripting, and all operational tasks, delivering 

process and quality assurance process, etc. This means that arranging the flexible and 

lean process in the team is highly considered in DevOps culture.  By automating every 

possible activity, software projects can easily continue without technical issues.  It is 

shown by the responses of the questions such as “An automated deployment process 

helps to reduce the effort and risks in the production environments.”, “The Automated 

deployment process reduces the integration time in the DevOps environment.”. “The 

Automated deployment process allows continuous delivery and makes effort 

estimation easy in a DevOps environment.”. 90% of respondents believe that 

automating the project activities help in effort estimation and continuous deliveries.   

Hence, the team should follow the below practices:  

 Automating all analysis of the application. For example: continuous 

monitoring during the testing and continuous integration and perform 

it on an automated dashboard. 

 Enabling automated feedbacks for performance prediction and 

performance models. 

 Integrating the deployment plans and automating continuous 

deployment and continuous delivery. 

 Managing the changes and integrating the change management 

mechanism. 

5.5. Research Limitations 

 

The researcher had to select the most important seven factors out of nineteen factors 

to continue this research study. Many other factors need to be considered when doing 

effort estimation in DevOps culture.  
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When doing the pilot survey, the researcher understood that the majority of the 

respondents are not aware of the DevOps culture even though they are working in a 

DevOps environment. However, every respondent is well aware of the role of 

“DevOps engineer”. This may be a reason for some independent variables not showing 

the desired output with the dependent variable at the analysis. The majority of the 

respondents have a positive idea about the success of effort estimation strategies and 

practices in DevOps-based software development. It means that they are aware that 

DevOps-based software development provides a more flexible and easy way for the 

completion of the projects. The sample size was 380 for this research study, and it 

would be better if the researcher could find more than 450 of the sample size because 

the sample size represents all job categories in the Sri Lankan IT Industry. Since there 

are 41 questions in the questionnaire, the researcher tried to reduce them without 

creating an effect on the Cronbach’s Alpha value. But, it seems the respondents 

showed disinterest in the middle of the questionnaire. The researcher has considered 

only the perceived value for the success of effort estimation strategies and practices in 

DevOps-based software development.  

 

5.6. Future Directions in the research 

 

There are multiple ways to expand this research study as future work. Since this 

research represents all personnel in the job categories who have work experience in 

DevOps-based software development, the same research can be performed from 

different perspectives such as productivity in DevOps culture. For example: 

 Challenges and barriers when adopting the DevOps culture in the Sri 

Lankan context. 

 How the company scale (Small, Medium, and Large) is impacted by 

the adoption of the DevOps culture? 

 DevOps advances in the release management process. 

 How to enable DevOps in the startups over the Sri Lankan context? 

Since the sample size is the most important aspect for the credibility of the results of a 

quantitative research study, it would be better to increase the sample size in future 
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work. There is a problem with the measuring of the strategies in this research study 

since the definition of that term is not declared at the beginning of this research study. 

Another important aspect that the researcher has identified during the data analysis 

period was, the respondents not having a clear idea about the term called “DevOps”. 

The only term that they are familiar with is DevOps Engineers. Even though some of 

the respondents’ organizations are doing DevOps-based software development, they 

don’t have a clear picture of the DevOps culture. 

5.7. Conclusion 

 

According to the comprehensive analysis and the discussion in this research study, 

poor communication, measurement, monitoring and tech stack, knowledge sharing, 

skills and experience impact to the effort estimation in DevOps based software 

development in the Sri Lankan context. Even though there were several studies related 

to the effort estimation techniques and methods, there was no proper guideline for the 

practices which should be followed at the effort estimation stage in the DevOps 

context. Hence, this research focuses on identifying the factors which need to be 

considered at the stage of effort estimation. Communication within the team and 

applications’ technology stack are highly considered at the effort estimation phase. 

Thus, knowledge sharing, skills and experience, and deployment process are 

moderately impacted to the effort estimation in DevOps based software development. 

Also, according to this research study, the measurements and monitoring show a low 

impact on effort estimation.  This research study answers the questions of how to 

communicate, how to improve the skills and experience by knowledge sharing and 

continuing that practices in the effort estimation. Later, the researcher has proposed 

some guidance based on the final analysis results and data. Those suggestions are for 

improving the communication skills, sharing the knowledge, enhancing the 

experiences, and enabling the automation process for every repetitive activity in the 

process. If each person in the team is well aware of the technology stack in the 

application, they can easily estimate the effort. Also, monitoring and measurements 

are play a big role in the effort estimation step.  Besides that, the research limitation 

and future research directions are also expressed in this chapter.  
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APPENDIX  

Appendix A: Pre Survey 

Questions asked at the preliminary interview 

 Job Role: - ………………….     

1. What is your perception regarding the “DevOps”? 

2. Have you had work experience in the DevOps environment? (Yes/No) 

3. Please indicate what types of effort estimation is practiced in your organization 

in the DevOps environment?   

a. (e.g.: - Expert Based 

i. Bottom-Up 

ii. Top Down 

iii. Analogy Based 

iv. SLIM- Software Life Cycle Model 

v. COCOMO 1 

vi. COCOMO 2) 

4. Are you aware of any of the effort estimation strategies and practices in the 

DevOps context? 

5. What are the tools/techniques that are used to estimate the effort in a DevOps 

environment? 

6. What kind of efforts that your team used for estimating?  

a. (e.g.: - Duration, Size) 

7. What will you do from the obtained effort estimation results? 

8. How do you use the results to estimate the effort of a particular task?  

9. What are the practices (what actually do) that you followed in the effort 

estimation phase in the DevOps context? 

10. Do you see any issues or drawbacks of existing effort estimation strategies? If 

“yes”, mention what they are (each of them)? 

11. What do you suggest as aspects that we need to consider in the effort estimation 

phase in the DevOps environment?  
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12. What do you think about the following factors? How far do they affect the 

effort estimation in the DevOps environment? Can you state the importance of 

each one of them?  

 Collaboration aspects 

o Poor Communication 

o Natural Communication 

 Monitoring the functions in DevOps 

 Measurements (Useful metrics) in DevOps 

 Organization Culture 

o Organization silos 

o Information Flow in the organization 

o Empathy (ability to understand and share the feelings of 

another) 

o Unsatisfactory environment 

 Socio-Technical aspects 

o Technology Stack 

o Skills and Experience 

o Knowledge Sharing 

o Programming Language 

o Importance of the other tasks 

o IT operation not involved in Other tasks 

 External Pressure 

o Customer Expectation 

o Customer Usage of the software 

o Responsiveness to customer needs 

 Automation technology 

o Deployment Process 

o Infrastructure as Code 
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APPENDIX B: Pilot Survey 

# Question 
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9 The use of communication tools and well-

defined communication guidelines make it 

easy to estimate the required effort in the 

DevOps practice. 

× 
      × 

10 The scope of the assigned tasks can easily 

understand improving communication 

skills. 

× 
       

11 Proper communication helps to improve 

the motivation to fulfil a task in  DevOps 

practice. 

× 
       

12 The accuracy of the effort estimation in 

DevOps practice can be improved by 

allocating sufficient time to communicate 

with the collaborators. 

× 
       

13 Proper communication at the stage of effort 

estimation defines a lightweight process to 

accomplish a task. 

× 
       

14 The use of Measuring tools and well-

defined Measuring guidelines, make it easy 

to estimate the required effort in the 

DevOps practice. 

 × 
      

15 Daily Effort Measurements will increase 

effectiveness. 

 × 
      

16 The given structure of effort estimation 

metrics make it easy estimation in DevOps 

practice. 

 × 
      

17 The effort of similar tasks can be predicted 

since the matrices are given numeric 

outputs. 

 × 
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18 Monitoring the server’s health ensures that 

configurations and scanned features are 

working as intended. 

  × 
     

19 Monitoring development milestones helps 

determine the effectiveness of the Dev 

team. 

  × 
     

20 The potential threats can be recognized in 

advance by the Ops team through 

monitoring the system continuously. 

  × 
     

21 Monitoring the Full-Stack and Faster 

Troubleshooting are the main 

characteristics of the proper Monitoring 

tools. 

  × 
     

22  The impacted areas of development can be 

identified by Continuous Monitoring of the 

system. 

  × 
     

23 The project Requirements and 

Enhancements should be compatible with 

the Tech-Stack (Set of tools, frameworks, 

and libraries)  of the application. 

   × 
    

24 The involvement of Technical Expertise 

will be an added advantage in the effort 

estimation. 

   × 
   × 

 

25 Having a good understanding of the Tech-

Stack (Structure Wise-Frontend/Backend) 

of the application to the team will make it 

easy to estimate the effort. 

   × 
    

26 Selecting Ready-Made (Ideally suited) 

solutions of Tech-Stack (Combination of 

technologies) will make it more convenient 

for the effort estimation while doing a 

workaround on the application. 

   × 
    

27 Sharing the technical knowledge of Senior 

Engineers within the team helps ease the 

effort estimation.  

    × 
   

28 Having an idea about the existing reusable 

implementation makes it easy to estimate 

the effort. 

    × 
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29 Conducting Technical sessions about the 

architecture of the application helps effort 

estimation in DevOps practice. 

    × 
   

30 Maintaining Best Practices in development 

and testing with the team makes it easy to 

estimate the effort. 

    × 
   

31 The use of prior Skills and Experiences 

would help to measure the effort in DevOps 

practice. 

     × 
 × 

32 Sharing Research and Development (R&D) 

experiences in the application, make it easy 

to estimate the effort in the DevOps 

practice. 

     × 
  

33 Having skills & Experience in a specific 

area in development helps me in effort 

estimation personally. 

     × 
  

34 The use of prior Skills and Experiences in 

the specific programming language would 

help to measure the effort easily in the 

DevOps context. 

     × 
  

35 An Automated deployment process helps to 

reduce the effort and risks in the production 

environments. 

      ×  

36 The Automated deployment process 

reduces the integration time in the DevOps 

environment. 

      ×  

37 Both debugging and fixing efforts are 

considered as a total effort at the effort 

estimation in the DevOps environment.  

      ×  

38 The Automated deployment process allows 

continuous delivery and makes effort 

estimation easy in a DevOps environment. 

      ×  

39 Following effort estimation practices helps 

in continuous delivery of software with 

high quality in the DevOps environment. 

       × 

40 I feel that we can be more productive at 

work if we follow effort estimation 

practices as a team. 

 

       × 
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Appendix C: Final Survey 

Please find the below questions made to identify the factors affecting effort 

estimation in DevOps-based software development for the final survey. 

PART A – Demographic  

1. What is your gender? 

 Male 

 Female 

 

2. Which best describes your current track? 

 Operation (Application Engineer/ System or Support Engineer/DevOps 

Engineer/Database Administrator) 

 Quality Assurance 

 Development (Software Engineer/Full Stack Engineer/Tech 

Lead/Solution or Technical Architect) 

 Delivery (Project Manager/ Business Analyst) 

 

3. Which category below includes your work experience in the IT industry? 

 0- 2 years 

 2-6 years 

 6-10 years 

 Over 10 years 

 

4. What is the highest level of education you have completed? 

 Advanced Certificate 

 Diploma 

 Higher Diploma 

 Bachelor/ Bachelor Hons 

 PG cert /PG Dip 

 Master’s Degree 

 MPhil/ PhD 

 

5. How many employees are there in your organization? 

 0-100 

 101-300 

 301-600 

 601-1000 

 More than 1000 

 

6. Does your organization follow the effort estimation strategies? 

 Yes 

 No 

 

7. Which category does your organization belong to? 
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 Product-based 

 Service-based 

 Both 

 Other 

 

8. What is your opinion on effort estimation practices in DevOps-based software 

development.? I have ................. mind regarding effort estimation in DevOps 

based software development. 

 Very negative 

 Negative 

 Neutral 

 Positive 

 Very Positive 

 

PART B –  

The objective of these questions is to measure the factors which are most 

affected by effort estimation strategies and practices of DevOps-based software 

development in Sri Lanka. 

 

9. The use of communication tools and well-defined communication guidelines 

make it easy to estimate the required effort in DevOps practice. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

10. The scope of the assigned tasks can be easily understood if we improve the 

communication skills. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

11. Proper communication helps to improve the motivation to fulfil a task in 

DevOps practice. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 
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12. The accuracy of the effort estimation in DevOps practice can be improved by 

allocating sufficient time to communicate with the collaborators. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

13. Proper communication at the stage of effort estimation defines a lightweight 

process to accomplish a task. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

14. The use of Measuring Tools and well-defined Measuring Guidelines, make it 

easy to estimate the required effort in the DevOps practice. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

15. Daily Effort Measurements will increase effectiveness. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

16. Given the structure of effort estimation metrics make it easy estimation in 

DevOps practice. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

17. The effort of similar tasks can be predicted since the matrices are given numeric 

outputs. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 
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18. Monitoring the server’s health makes sure configurations and scans features 

are working as intended. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

19. Monitoring development milestones helps to determine the effectiveness of the 

Dev team. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

20. The potential threats can be recognized in advance by the Ops team through 

monitoring the system continuously. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

21. Monitoring the Full-Stack and Faster Troubleshooting are the main 

characteristics of the proper Monitoring tools. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

22. The impacted areas of development can be identified by Continuous 

Monitoring of the system. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

23. The project Requirements and Enhancements should be compatible with the 

Tech-Stack (Set of tools, frameworks, and libraries) of the application. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 
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24. The involvement of Technical Expertise will be an added advantage in the 

effort estimation. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

25. Having a good understanding of the Tech-Stack (Structure Wise-

Frontend/Backend) of the application to the team will make it easy to estimate 

the effort. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

26. Selecting Ready-Made (Ideally suited) solutions of Tech-Stack (Combination 

of technologies) will make more convenient the effort estimation while doing 

a workaround on the application. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

27. Sharing the technical knowledge of Senior Engineers within the team helps to 

ease the effort estimation. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

28. Having an idea about the existing reusable implementation makes it easy to 

estimate the effort. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

29. Conducting Technical sessions about the architecture of the application helps 

to effort estimation in DevOps practice. 

 Strongly Agree 

 Agree 
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 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

30. Maintaining Best Practices in development and testing with the team makes it 

easy to estimate the effort. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

31. The use of prior Skills and Experiences would help to measure the effort in 

DevOps practice. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

32. Sharing Research and Development (R&D) experiences in the application, 

make it easy to estimate the effort in the DevOps practice. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

33. Having Skills and Experience in a specific area in development helps me in 

effort estimation personally. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

34. The use of prior Skills and Experiences in the specific programming language 

would help to measure the effort easily in the DevOps context. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 
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35. An automated deployment process helps to reduce the effort and risks in the 

production environments. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

36. The Automated deployment process reduces the integration time in the DevOps 

environment. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

37. Both debugging and fixing efforts should be considered for the total effort at 

the effort estimation in the DevOps environment. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

38. The Automated deployment process allows continuous delivery and makes 

effort estimation easy in a DevOps environment. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

39. Following effort estimation practices helps to continuous delivery of software 

with high quality in the DevOps environment. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 

 Strongly Disagree 

 

40. I feel that we can be more productive at work if we follow effort estimation 

practices as a team. 

 Strongly Agree 

 Agree 

 Neither Agree or Disagree 

 Disagree 
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 Strongly Disagree 

 

PART C – 

The Open-Ended question was included getting an opinion about the experience 

or suggestion on effort estimation strategies and practices in DevOps-based 

software development. 

41. Please indicate your experience or suggestions on effort estimation strategies 

and practices in DevOps-based software development. 
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Appendix D: Summary of Final Survey Results  
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Poor 

Commu

nication 

9. The use of communication tools and well-

defined communication guidelines make it 

easy to estimate the required effort in the 

DevOps practice. 

19.2% 78.5% 2.4% 0.00% 0.00% 

10. The scope of the assigned tasks can easily 

understand improving communication skills. 
33.6% 62.2% 3.4% 0.8% 0.00% 

11.  Proper communication helps to improve 

the motivation to fulfil a task in  DevOps 

practice. 

22.3% 74.8% 2.6% 0.3% 0.00% 

12. The accuracy of the effort estimation in 

DevOps practice can be improved by 

allocating sufficient time to communicate 

with the collaborators. 

29.9% 65.1% 4.5% 0.5% 0.00% 

13. Proper communication at the stage of 

effort estimation defines a lightweight process 

to accomplish a task. 

24.9% 61.4% 12.1% 1.6% 0.00% 

Measur

ements 

14.  The use of Measuring tools and well-

defined Measuring guidelines, make it easy to 

estimate the required effort in the DevOps 

practice. 

15.5% 78.7% 5.5% 0.00% 0.00% 

15. Daily Effort Measurements will increase 

effectiveness. 
10.2% 75.3% 8.9% 5.5% 0.00% 

16. Given the structure of effort estimation 

metrics make it is an easy estimation in 

DevOps practice. 

15.7% 72.4% 11.5% 0.3% 0.00% 

17. The effort of similar tasks can be predicted 

since the matrices are given numeric outputs. 
16.3% 54.9% 26.2% 2.4% 0.00% 

Monito

ring 

18. Monitoring the server’s health makes sure 

configurations and scans features are working 

as intended. 

14.7% 70.6% 9.2% 5.2% 0.00% 

19. Monitoring development milestones helps 

to determine the effectiveness of the Dev 

team. 

27% 68.2% 2.1% 2.4% 0.00% 
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20. The potential threats can be recognized in 

advance by the Ops team through monitoring 

the system continuously. 

17.1% 76.6% 3.9% 2.4% 0.00% 

21. Monitoring the Full-Stack and Faster 

Troubleshooting are the main characteristics 

of the proper Monitoring tools. 

9.7% 71.7% 18.4% 0.00% 0.00% 

22. The impacted areas of development can be 

identified by Continuous Monitoring of the 

system. 

12.3% 74% 2.9% 10.8% 0.00% 

Tech 

Stack 

23. The project Requirements and 

Enhancements should be compatible with the 

Tech-Stack (Set of tools, frameworks, and 

libraries)  of the application. 

24.7% 59.1% 15.2% 1.00% 0.00% 

24. Involvement of Technical Expertise will 

be an added advantage in the effort estimation. 
37.3% 61.7% 1.00% 0.00% 0.00% 

25. Having a good understanding of the Tech-

Stack (Structure Wise-Frontend/Backend) of 

the application to the team will make it easy to 

estimate the effort. 

31% 65.1% 3.9% 0.00% 0.00% 

26. Selecting Ready-Made (Ideally suited) 

solutions of Tech-Stack (Combination of 

technologies) will make more convenient the 

effort estimation while doing a workaround on 

the application. 

11.8% 68.8% 18.4% 0.8% 0.00% 

Knowle

dge 

Sharing 

27. Sharing the technical knowledge of Senior 

Engineers within the team helps to ease the 

effort estimation. 

27% 67.2% 5.8% 0.00% 0.00% 

28. Having an idea about the existing reusable 

implementation makes it easy to estimate the 

effort. 

23.9% 70.9% 5% 0.3% 0.00% 

29. Conducting Technical sessions about the 

architecture of the application helps to effort 

estimation in DevOps practice. 

20.7% 73.8% 5.5% 0.00% 0.00% 

30. Maintaining Best Practices in 

development and testing with the team makes 

it easy to estimate the effort. 

22.3% 73.8% 2.6% 1.3% 0.00% 

Skills 

and 

Experie

nce 

31. The use of prior Skills and Experiences 

would help to measure the effort in DevOps 

practice. 

34.1% 64.6% 1.3% 0.00% 0.00% 

32. Sharing Research and Development 

(R&D) experiences in the application, make it 

easy to estimate the effort in the DevOps 

practice. 

17.1% 74% 8.7% 0.00% 0.00% 
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33. Having Skills and Experience in a specific 

area in development helps me in effort 

estimation personally. 

21.3% 66.4% 12.1% 0.3% 0.00% 

34. The use of prior Skills and Experiences in 

the specific programming language would 

help to measure the effort easily in the 

DevOps context. 

15.2% 69.8% 13.6% 1.00% 0.30% 

Deploy

ment 

Process 

35. An automated deployment process helps 

to reduce the effort and risks in the production 

environments. 

25.7% 64% 9.4% 0.8% 0.00% 

36. The Automated deployment process 

reduces the integration time in the DevOps 

environment. 

25.2% 63.8% 10% 1.00% 0.00% 

37. Both debugging and fixing efforts should 

be considered for the total effort at the effort 

estimation in the DevOps environment. 

20.5% 69% 9.7% 0.8% 0.00% 

38. The Automated deployment process 

allows continuous delivery and makes effort 

estimation easy in a DevOps environment. 

24.7% 66.7% 7.9% 0.8% 0.00% 

The 

success 

of EE 

strategi

es and 

practice

s in the 

DevOps 

environ

ment. 

39. Following effort estimation practices 

helps to continuous delivery of software with 

high quality in the DevOps environment. 

37% 62% 1% 0.00% 0.00% 

40.I feel that we can more productive at work 

if we follow effort estimation practices as a 

team. 

19% 78% 37% 0.00% 0.00% 
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Appendix E: Company List 

List of software companies utilized for this study. 

1. Efuturesworld Pvt Ltd  

2. Virtusa (Pvt) Ltd 

3. Ideahub Pvt Ltd 

4. Inova IT Systems (Pvt) Ltd 

5. eBuilder Technology Centre (Pvt) Ltd 

6. OrangeHRM (Pvt) Ltd 

7. IFS R&D International  

8. 99x Technology 

9. Wso2 

10. Creative Solution Pvt Ltd 

11. Geveo Australasia Pvt Ltd 

12. Codegen International Pvt Ltd 

13. Dialog Axiata PLC 

14. Softcodeit Solutions (Pvt) Ltd 

15. Mitra IT Solutions 

16. Embla Software Innovation 

17. Eyepax IT Consulting (Pvt) Ltd 

18. DMS Software Engineering (Pvt) Ltd 

19. Wiley Global Technology Pvt. Ltd. 

20. hSenid Software International 

21. Cake Labs 

 

 

 

 

 


