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Abstract - Among several characteristic that impact the success of a software project, the software process model 

employed is a crucial one. An inappropriate process framework will not only consume too much of time but also reduces 

the software quality. Hence, selection of a suitable software process framework is a very critical problem for software 

development. Current works focus on the software process appraisals with absorptive capability and therefore 

compromises the performance and process improvement related to longitudinal data. In this paper, we propose a 

software process enhancement framework to assists project managers select the most suitable software process 

framework at an early stage of development process, called, Collaborative Filtered Maximization Clustering and 

Longitudinal Regression (CFMC-LR). The CFMC-LR framework is split into three different stages, namely, pre-

processing, clustering and application of machine learning model. Pre-processing or the most relevant project attributes 

are first extracted by applying Contingency Matrix Collaborative Filtering technique. Next, clustering of the pre-

processed project attributes into similar attributes belonging to a particular group or project is performed using 

Expectation Attribute Maximization Clustering algorithm. Finally, machine learning technique, Longitudinal 

Regression is applied to analyze the effect of Software Process enhancement. The results demonstrate that CFMC-LR 

framework success is appreciably impacted by Contingency Collaborative Filtering algorithm through Linear 

Regression model and therefore influences firm performance. 

 

Keywords - Collaborative Filtered, Maximization Clustering, Longitudinal Regression, Machine Learning, Expectation 

Attribute 

____________________________________________________________________________________________ 

1. Introduction  

 

The software process enhancement is popularly identified as a prime aspect that bestows to the software quality. To 

design software processes enhancement, reference models are used, as they provide universally set of accepted best practices 

for the creation of such processes Software process enhancement model is a method both by which process are said to be 

improved and ensure betterresult rather than a normal process. So, by software process enhancement, a better and high quality 

product can is said to be foundwithin budget and time. 

 

In Process Mining Extension to SCAMPI [1], the limitations of the current Standard Capability Maturity Model 

Integration Appraisal Method for Process Improvement (SCAMPI) method were reduced with the application of a feasible and 

usable method with the aid of process mining techniques. This was said to be achieved using a four step model. In the first step, 

the needs, expectations and limitations were analyzed. Followed by which, the most possible assessable elements were identified. 

Next, the identified elements, the relationship with the process mining were derived. Finally, the best alternatives were arrived 

for conducting mining. Based on the four step model, the contributions of Process Mining Extension to SCAMPI were 

categorized into two aspects, process and content. Despite contributions made by SCAMPI in terms of process and content, 

judgment of CMMI practices relevant to performance and process improvement aspects remained unaddressed. Potential 

solution addressed in the work is the design of process improvement by performing pre-processing using Contingency Matrix 

Collaborative Filtering technique through the Neighbor Pearson Correlation Coefficient.   

 

Capability Maturity Model Integration-based Software Process Improvement (CMMI-based SPI) [2] used capability 

theory based on dynamic manner to investigate the potentiality of an establishment to obtain knowledge pertinent to external 

factor and achieve SPI. Specifically, in [2], a research model based on the relationships between an establishment’s Potential 

Absorptive Capability (PAC), Realized Absorptive Capability (RAC) were analyzed. Also, by applying PAC through cross 

functional interfaces, it had higher influence of firm performances. The CMMI-based SPI method when tested using partial least 

squares structural equation modelling technique indicated that the success of SPI was highly influenced by PAC through RAC. 

Despite success rate ultimately influencing the performance of firm, the relationships of the proposed method with higher amount 

of changes in the organization occurring over time was not addressed. Potential solution addressed in this work is the design of 
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machine learning technique using linear regression that addresses issues related to longitudinal data to provide more 

comprehensive research perspectives.  

Several factors influence the understand ability of process models. A systematic review was presented in [3]. A 

hierarchical decision model was investigated in [4] with Business Process Simulations Software to meet the objectives of 

company business process.Several research works were conducted on analyzing the software product artifacts. However, to 

provide software process visualization, Concept Visualization was introduced in [5] to meet out the developers and managers to 

explore multiple aspects of software product results in a synchronized manner. To enhance software quality, a software process 

model based on Entity Component System was built in [6].  

 

Software Process Requirements has long been identified as an important quality of a well-engineered system. Among 

researchers, Software Process Requirements is often unpopular due to the unclear benefits. Therefore, only little evidence exists 

regarding the expected traceabilitybenefits. In [7], Multi Level Progression Analysis was designed with the objective of 

identifying the defect rate while performing software process requirement. On the other hand, context aware design was 

presented in [8] to assist programmers in software designing using Context Aware Recommendation Algorithms. A training 

process was conducted in [9] with the objective of selecting appropriate software projects.  

 

In this paper, a new Collaborative Filtered Maximization Clustering and Longitudinal Regression (CFMC-LR) 

framework is proposed forperforming effective software process improvement. The proposed framework introduces a new 

technique called Contingency Matrix Collaborative Filtering which reduces the Software development cycle time by removing 

the irrelevant and redundant project attributes without increasing the delay. For this purpose, new computational techniquesare 

introduced in this framework for identifying the correlation between the two programmers for extracting the project attributes.  

 

Moreover, the optimal pre-processed project attributes is obtained in thiswork by applying the Contingency 

Collaborative Filtering algorithm to find the best project attributes using a similarity function.Moreover, project attribute 

clustering is used in this work for dividing the pre-processed attributes into groupsand observed prospect cluster by using 

Expectation Attribute Maximization Clustering algorithm. The major advantage of the proposed Expectation Attribute 

Maximization Clustering algorithm includes the increase in project attribute clustering accuracy, success rate and efficient 

selection of software process model using Linear Regression model. The rest of the paper is organized as follows:Section 2 

provides a survey of software process models used by several organizations in diversified fields. Section 3 discusses the proposed 

algorithm and software process framework. Section 4 provides the experimental setup and discussion is provided in detail in 

Section 5. Section 5 gives some conclusions on this proposed work. 

 

2. Related works  

 

In order to increase the company competitiveness, one of the most important factors to be considered is the Customer 

Knowledge (CK). Therefore, research on CustomerKnowledge Management (CKM) is an ongoing topic. In [10], software 

quality was enhanced based on CKM in software companies. The field of software process analysis is widening with the 

increasing availability of software process. In [11], software process for computational neuroscience was presented by 

categorizing software projects and correlating them with the results. On the other hand, CMMI-based implementation was 

investigated in [12] to enhance the success rate.  

 

In software process identification, continuous delivery (CD) is a software release process helps in assisting bug related 

to new enterprise application (EA) versions. In [13], resource profiles were used that explained the requirements of request 

demand for each component that in turn helped in efficiently supported capacity planning for new deployments.  

 

Both the processes involved in the business and software face several modifications during their life cycle. This is 

because of the higher influential impact between the business process and software process, both have to be updated in co-

evolution. In [14], a tool supported approach was presented with the objective of measuring the propagation of changed caused 

by business or software process. With the precision, recall and accuracy, the impact analysis was made, which then formed the 

basis for software process selection. Case studies for agile method adaptation were presented in [15]. A brief comparative review 

of several software management tools were presented in [16]. A study on the performance level, both qualitative and 

quantitatively managed was provided in [17].  

 

Continuous process improvement is one of the main constituent in web-based projects. In [18], a new maturity model 

was designed by learning through the experience gained by other process was explained. This in turn had a positive impact 

where critical success factor was used to analyze software project process. Yet another software process specification for 

specialized geo spatial database was presented in [19]. In [20], an initialunderstanding of the project with steps considered while 

developing project and presenting the results of mapping between software process models was presented.  

 

In spite of the presence of all the above said methods, the existing methods are not able to provide optimal selection of 

software process in the presence of several software process models. Hence, a new software process enhancement framework is 

designed and implemented in this work for enabling the project manager select the software process at an early stage of project 

development. This paper presents an effective machine learning based software process model to reduce the software process 
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life cycle time and improve the success rate. Moreover, this framework providesbetter performance than the existing methods 

in terms of the software process development life cycle time, firm cost and success rate. 

 

3. Collaborative Filtered Maximization Clustering and Longitudinal Regression 

 

In this paper, we propose a new framework named Collaborative Filtered Maximization Clustering and Longitudinal 

Regression which is used to improve the software process enhancement rate by modifying the existing absorptive capability and 

process miningtechniques to assist project managers in determining which software process model is more appropriate at an 

early stage. The proposed framework provides several advantages such as project attribute selection time, project attribute 

clustering accuracy and success rate at the early stage of development process. Figure 1 shows the block diagram of Collaborative 

Filtered Maximization Clustering and Longitudinal Regression framework.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1Block diagram of Collaborative Filtered Maximization Clustering and Longitudinal Regression framework 

 

As shown in the figure, machine learning technique using Linear Regression is used for identifying the most suitable 

software process model from the available software process models and to improve the success rate with less time. It is also used 

to find all probable project attributes in and between the clusters for effective clustering. This framework works by identifying 

the relevant project attributes, forming cluster, time taken for project attribute selection and success rate. This proposed CMFC-

LR framework has been implementedusing JAVA platform and proved that the proposed framework provides better performance 

when it is comparedwith the other existing methods.  

 

The CMFC-LR framework initially selects the project attributes that have the most effect on designing by applying 

selection methods. With the project attributes selected for further processing, the CMFC-LR framework then uses anExpectation 

Attribute Maximization Clustering algorithm via testing them with sample datasets. Followed by this, the selected Expectation 

Attribute Maximization Clusteringalgorithms are then used to construct machine learning technique, which finally is employed 

to select the most appropriate process model. 

 

3.1 Contingency Matrix Collaborative Filtering technique  

 

The first step of the proposed framework involves pre-processing. In this pre-processing stage, the most relevant 

attributes (i.e. project attributes) are selected. Due to the presence or irrelevant or redundant project attributes, identifying the 

most appropriate software process that helps in help project managers for a new project at an early stage becomes a complicated 

task. Hence, the first step towards the software process enhancement remains in identifying the most relevant attributes through 

pre-processing.  

 

Let us consider a software process problem, then the corresponding data is represented in the form as 

‘𝑃𝑟𝑜𝑗𝐼𝐷 , 𝐴𝑡𝑡𝑟1, 𝐴𝑡𝑡𝑟2, … . , 𝐴𝑡𝑡𝑟𝑛’. Here ‘𝑃𝑟𝑜𝑗𝐼𝐷’ represents the software project and ‘𝐴𝑡𝑡𝑟1’ equates to the attribute that identifies 

one characteristic of the software project. In the proposed work, the pre-processing is said to be performed by applying 

Contingency Matrix Collaborative Filtering technique. Figure 2 shows the contingency matrix to perform collaborative filtering.  
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Figure 2 Block diagram of Contingency Matrix Collaborative Filtering technique 

Contingency Matrix Collaborative Filtering techniqueas given in the above figure involves a domain-independent 

forecasting technique. The Contingency Matrix Collaborative Filtering technique works by constructing a matrix, where the 

rows represents the programmer involved ‘𝑃𝑟𝑜𝑔’, and the column represents the project attributes ‘𝐴𝑡𝑡’, therefore forming a 

programmer-attribute matrix of preferences for attributes by programmers. It thenmatches programmers with relevant 

preferences by measuring the similarities between their profiles to make prospects, based on the neighborhood.  

 

The similarities are obtained using the resultant prospects to those attributes that he has not ratedbefore but that were 

already positively rated by other programmers in hisneighborhood. Pearson Correlation Coefficient is used in the proposed 

framework of measure the similarities based on the neighborhood and is mathematically formulated as given below.  

 

𝑆(𝑃𝑟𝑜𝑔𝑃 , 𝑃𝑟𝑜𝑔𝑄) =  
∑ (𝑅𝑃,𝑖− 𝑅𝑃)(𝑅𝑄,𝑖− 𝑅𝑄)𝑛

𝑖=1

√(𝑅𝑃,𝑖− 𝑅𝑃)
2

√(𝑅𝑄,𝑖− 𝑅𝑄)
2
     (1) 

 

From the above equation (1), the similarity between programmers ‘𝑃𝑟𝑜𝑔𝑃 ,’ and ‘𝑃𝑟𝑜𝑔𝑄’ is obtained based on the ‘𝑅’ 

ranking given to attribute ‘𝑖’ by programmer ‘𝑃’ and from the summation fusion of the selected neighborhood programmer also. 

The resultant similarity value is a binary representation denoted as either ‘+1’ or ‘−1’ and is mathematically represented as 

given below. 

 

𝑆(𝑃𝑟𝑜𝑔𝑃 , 𝑃𝑟𝑜𝑔𝑄) =  {
+1, 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠 𝑎𝑟𝑒 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 𝑓𝑜𝑟 𝑓𝑢𝑟𝑡ℎ𝑒𝑟 𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔
−1, 𝐴𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠 𝑎𝑟𝑒 𝑒𝑙𝑖𝑚𝑖𝑛𝑎𝑡𝑒𝑑 𝑑𝑢𝑒 𝑡𝑜 𝑟𝑒𝑑𝑢𝑛𝑑𝑎𝑛𝑐𝑦

 (2) 

Prospects that are produced by Contingency Matrix Collaborative Filtering technique are either to be forecast or 

prospect. Forecast isa numerical value, ‘𝐹𝑖𝑗’, representing the ranking of attribute ‘𝑗’ for the programmer ‘𝑖’ and its resultant 

value represents either ‘+1’ or ‘−1’ based on the resultant Pearson Correlation Coefficient. On the other hand, Prospect 

represents the index of ‘𝑛’ attributes that the programmer will like the most. The pseudo code representation of project attribute 

selection using Contingency Collaborative Filter is as given below.  

Input: Programmer ‘𝑃𝑟𝑜𝑔1 , 𝑃𝑟𝑜𝑔2 , … , 𝑃𝑟𝑜𝑔𝑛’, Project attributes ‘𝐴𝑡𝑡1, 𝐴𝑡𝑡2, … , 𝐴𝑡𝑡𝑛’,  

Output: Pre-processed project attributes ‘𝐴1, 𝐴2, … , 𝐴𝑛’ 

1: Begin 

2:         For each Programmer ‘𝑃𝑟𝑜𝑔1’ 

3:                   Measure the similarities based on the neighborhood using equation (1) 

4:                   If 𝑆(𝑃𝑟𝑜𝑔𝑃 , 𝑃𝑟𝑜𝑔𝑄) =  +1 

5:                              Project attribute selected  

6:                    End if  

7:                    If𝑆(𝑃𝑟𝑜𝑔𝑃 , 𝑃𝑟𝑜𝑔𝑄) =  −1 

8:                                Project attribute not selected  

9:                    End if 

10:       End for 

12: End 

Algorithm 1 Contingency Collaborative Filtering algorithm 

 

As given in the above Contingency Collaborative Filtering algorithm, the problem of project attributes overload, which 

is a very customary occurrence with attribute retrieval (i.e. project attribute) is said to be solved. To solve this issue, the 

Contingency Collaborative Filtering algorithm uses similarities based on the Pearson Correlation Coefficient that not only 

implies either the presence or absence of correlation between two programmers for extracting the project attributes, but also 

obtains the exact extent to which the project attributes or two programmers are correlated. This in turn improves the project 

attribute selection accuracy and time.  

 

3.2 Expectation Attribute Maximization Clustering 

 

With the pre-processed project attributes, the second step in the proposed framework is the design of a clustering model, 

where the pre-processed attributes are divided into groups, called, clusters via Expectation Maximization. This step is otherwise 

called as the Expectation Attribute Maximization Clustering model. Therefore, before dividing the pre-processed attributes into 

groups, the maximum length is first identified for the pre-processed project attributes ‘𝐴𝑖’ and is mathematically formulated as 

given below.  

𝐿𝑃
𝑛 = 𝑀𝐴𝑋 {𝐿𝑃1, 𝐿𝑃2, … . , 𝐿𝑃𝑛}      (3) 

 

From the above equation (3), for each project ‘𝑃1’, ‘𝑃2’, …, ‘𝑃𝑛 ’ or ‘𝑃 ∈ {𝑃1, 𝑃2, … . , 𝑃𝑛}’, the Expectation 

Maximization Clustering algorithm generates a series for attribute ‘𝐴𝑖’, is mathematically formulated as given below. 
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𝐴𝑖
1(𝑃1), 𝐴𝑖

2(𝑃1), … , 𝐴𝑖
𝑛(𝑃1),        (4) 

𝐴𝑖
1(𝑃2), 𝐴𝑖

2(𝑃2), … , 𝐴𝑖
𝑛(𝑃2)       (5) 

𝐴𝑖
1(𝑃𝑛), 𝐴𝑖

2(𝑃𝑛), … , 𝐴𝑖
𝑛(𝑃𝑛)       (6) 

 

The Expectation Maximization Clustering algorithm then divides a group of project attributes into different groups, and 

each group is named asa cluster. Therefore, by efficient clustering similar project attributes are grouped into a software project. 

Figure 3 shows the example of Expectation Attribute Maximization Clustering for three projects.  

 

 

 

 

 

 

 

Figure 3 Sample for Expectation Attribute Maximization Clustering for three projects 

 

As shown in the figure, with three software projects, pre-processed attributes are collected, with which the expectation 

‘𝐸’ and maximization ‘𝑀’ is formulated for grouping similar project attributes into a software project. It is given as below.  

 

𝐸 =  𝑃𝑟𝑜𝑏 (𝑃 | 𝐴, 𝜃) = 𝑃𝑟𝑜𝑏 (𝑃1, 𝑃2, 𝑃3, … . , 𝑃𝑛| 𝐴𝑖
1, 𝐴𝑖

2, … . , 𝐴𝑖
𝑛, 𝜃)  (7) 

𝑀 = 𝑀𝐴𝑋 𝐿(𝜃)  =  𝐸𝑃𝑟𝑜𝑏 (𝑃 | 𝐴,𝜃) [𝐿𝑛 (𝑃𝑟𝑜𝑏 (𝑃1, 𝑃2, 𝑃3, … . , 𝑃𝑛| 𝐴𝑖
1, 𝐴𝑖

2, … . , 𝐴𝑖
𝑛 , 𝜃))]  (8) 

The pseudo code representation of Expectation Attribute Maximization Clustering is as given below. 

 

Input: Pre-processed project attributes ‘𝐴1, 𝐴2, … , 𝐴𝑛’, Project ‘𝑃 ∈ {𝑃1, 𝑃2, … . , 𝑃𝑛}’, 

Output: observed prospect cluster ‘𝑌1, 𝑌2, … , 𝑌𝑛’ 

1: Begin  

2:       For each project ‘𝑃’ 

3:                For each Pre-processed project attributes ‘𝐴1, 𝐴2, … , 𝐴𝑛’ 

4:                       Identify the maximum length using equation (3) 

5:                       Generate a series of attributes using equation (4), (5) and (6) 

6:                       Measure the expectation value using equation (7) 

7:                       Measure the maximization value using equation (8) 

8:              End for  

9:        End for  

10: End  

Algorithm 2 Expectation Attribute Maximization Clustering algorithm 

 

As given in the above algorithm, with the objective of improving the clustering performance, for each pre-processed 

project attributes as input, the maximum length is initially identified, so that the series of attributes as generated for the identified 

maximum length. Followed by which the expectation and maximization values are derived with which form the referenceset. 

Specifically, foreach set, if the processed element is identical to the reference set element, then the particular attribute is included 

in the specific project or else excluded in the specific project. In this way only unique or similar attributes belonging to a 

particular group or project forms a cluster, minimizing the number of attribute values, therefore improving the clustering 

performance.  

 

3.3 Longitudinal Regression Software Process model 

 

Finally, a machine learningbased software process model is designed with the objective of assisting the project 

managers to arrive at a conclusion regarding which software process model are more suitable for a new project. This is performed 

in the proposed framework by designing Longitudinal Regression Software Process model.  

 

Let the available prospect cluster be, ‘𝑌1, 𝑌2, … , 𝑌𝑛’. Along with each observed prospect cluster, ‘𝑌𝑖’, and let ‘𝑃𝑖𝑗’ denote 

the ‘𝑖𝑡ℎ’ observation of project ‘𝑃𝑗’ and further assume with an error term ‘ε’, then the mathematical formulation is as given 

below. 

 

𝑌𝑖 =  𝛼0 +  𝛼1𝑃𝑖1 +  𝛼2𝑃𝑖2 + ⋯ + 𝛼𝑛𝑃𝑖𝑛 +  𝜀𝑖    (9) 

=  ∑ 𝜀𝑖
2𝑛

𝑖=1 =  ∑ (𝑌𝑖 − 𝛼0 − ∑ 𝛼0
𝑛
𝑗=1 𝑃𝑖𝑗)𝑛

𝑖=1      (10) 

 

From the above equation (9) and (10), the proposed framework selects the least squares so that the sum of the squares 

of the errors ‘𝜀𝑖
2 ’ isminimized to analyze the changes of longitudinal data over time. The pseudo code representation of 

Longitudinal Regression for software process selection is as given below.  

𝑃1 

𝐴𝑖
1 𝐴𝑖

2 

𝑃2 

𝐴𝑖
4 𝐴𝑖

5 

𝑃3 

𝐴𝑖
8 𝐴𝑖

9 
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Input: observed prospect cluster ‘𝑌1, 𝑌2, … , 𝑌𝑛’, project ‘𝑃’, Pre-processed project attributes ‘𝐴1, 𝐴2, … , 𝐴𝑛’ 

Output: Optimized software process selection  

1: Begin  

2:       For each project ‘𝑃’ 

3:                For each Pre-processed project attributes ‘𝐴1, 𝐴2, … , 𝐴𝑛’ 

4:                          Measure longitudinal regression using equation (9) 

5:                          Select MIN(𝜀𝑖
2)    

6:                End for 

7:         End for 

8: End  

Algorithm 3 Longitudinal Regression Software Process Selection 

 

As given above, the Longitudinal Regression Software Process Selection helps in assisting the project managers to 

locate the optimal software process model. Different software process models normally levy several impacts on software 

processlevel constituents. Therefore, using Longitudinal Regression Software Process Selection, several optimal factors like 

project attributes, perform clustering with project attributes were comprehensively considered by project managers for a new 

project, and choose the mostappropriate software process model. This in turn had a positive impact of software process being 

selected and therefore the success rate.  

 

4. Experimental setup  

 

 The following five open-source programs from http://sourceforge.net are used to ensure optimized selection of software 

process towards software maintainability. It included the following information provided in Table 1.  

 

Table 1 Characteristics of software program code 

S. No Program Description 

1 faqforge a tool for creating and managing documents 

2 webchess an online chess game 

3 schoolmate a solution for administering elementary, middle and high 

schools 

4 time clock a web-based time clock system 

5 phpsysinfo an utility for providing the system information like CPU 

time, memory  and so on 

 

The proposed framework is compared against the existing work such as Process Mining Extension to SCAMPI [1] and 

a Capability Maturity Model Integration-based Software Process Improvement (CMMI-based SPI) [2]. Experiment is conducted 

on factors such as project attribute selection time, project attribute clustering accuracy and success rate with respect to software 

program code.  

 

5. Results analysis of CFMC-LR 

 

The Collaborative Filtered Maximization Clustering and Longitudinal Regression (CFMC-LR) framework is compared 

against the existing Process Mining Extension to SCAMPI [1] and aCapability Maturity Model Integration-based Software 

Process Improvement (CMMI-based SPI) [2]. To conduct experiments, schoolmate from http://sourceforge.net is used. The 

SchoolMate includes the details regarding the elementary, middle and high schools.  

 

It concentrates on four domains, namely, administration, teachers, students and parents. Here, the administration 

domain includes both the classes and users of the SchoolMate whereas the teachers’domain includes the details regarding 

assignments and grades. Information regarding students’ domain are accessed through students and students’information can 

also be checked by the parents’ domain. The experimental results using JAVA are compared and analyzed with the aid of graph 

form given below. 

 

5.1 Impact of software project development cycle time 

 

Software development cycle time refers the time with which the framework produces software with the highest quality 

and lowest cost in the shortest time. While selecting a software process, the most predominant factor to be considered is the 

project attributes. Not all the software project attributes are relevant. Hence, irrelevant project attributes and redundant project 

attributes have to be removed. Therefore, the software project development cycle time is highly influenced by the project 

attributes selected and is mathematically represented as given below.  

 

𝑃𝐷𝐶𝑇 = ∑ 𝑇𝑖𝑚𝑒 (𝐴𝑡𝑡𝑖)
𝑛
𝑖=1 ∗ 𝑆𝑖𝑧𝑒 (𝑆𝑃𝐶)     (11) 
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From the above equation (11), the software project development cycle time ‘𝑃𝐷𝐶𝑇’, is obtained by the product of the 

time taken to extract relevant attributes ‘𝑇𝑖𝑚𝑒 (𝐴𝑡𝑡𝑖)’ and the size of the overall software program code ‘𝑆𝑖𝑧𝑒 (𝑆𝑃𝐶)’. Figure 

4given below shows the software project development cycle time for selecting software process model over the administration 

domain of SchoolMate extracted from http://sourceforge.net.  

 

The software program code size ranges from 500MB to 5000MB and the samples are provided as input using JAVA. 

From the figure, with an increase in the size of the software program code provided, the software project development cycle 

time also increases, though the curve is not observed to be exponentially same. However, when the size of software program 

code is between 500MB and 1500MB, the software project development cycle time shows a steady raise whereas, it increases 

when the size of software program code is between 2000MB and 3500MB and then increased when the sample provided was 

between 4000MB and 5000MB. This is because the software program code was extracted from different structures. As a result, 

the percentage increase or decrease in software project development cycle time is not exponentially same.  

 

 
Figure 4 Impact of software project development cycle time 

 

Figure 4 shows the impact of software project development cycle time for selecting software process and comparison 

is made with the existing methods, Process Mining Extension to SCAMPI [1] and aCapability Maturity Model Integration-based 

Software Process Improvement (CMMI-based SPI) [2]. From the figure it is clear that the software project development cycle 

time is comparatively lower when applied with the CFMC-LR framework than the two other existing methods.  

 

The software project development cycle time is reduced using CFMC-LR framework due to the effective construction 

of contingency matrix using top ‘𝑛’ list of attributes for programmer ‘𝑖’ using collaborative filtering. The collaborative filtering 

in CFMC-LR framework effectively pre-processes the project attributes using contingency matrix based on the neighbourhood 

using Pearson Correlation Coefficient. Therefore, software project development cycle time using CFMC-LR framework is 

reduced by 18% and 31% compared to Process Mining Extension to SCAMPI [1] and CMMI-based SPI [2].  

 

5.2 Impact of project clustering accuracy (reducing firm cost) 

 

The software project clustering accuracy helps in identifying whether appropriate software process is identified in the 

early stage of development process. Higher the software project clustering accuracy, more the probability that the appropriate 

software process were selected. Hence, the project clustering accuracy is mathematically formulated as given below.  

 

𝑃𝐶𝐴 = (
𝑁𝑜.𝑜𝑓 𝐶𝑅𝑆𝑃 

𝑇𝑆𝑃 
) ∗ 100        (12) 

 

From the above equation (12), the project clustering accuracy ‘𝑃𝐶𝐴’, is the ratio of correctly recommended software 

process model ‘𝑁𝑜. 𝑜𝑓 𝐶𝑅𝑆𝑃’ to the total software process model ‘𝑇𝑆𝑃’ available in hand with the project managers. It is 

measured in terms of percentage (%). The convergence plot for software program code of size in the range of 500MB to 5000MB 

using teachers’domain that manages the students’ assignments and grades are shown in Figure 5.  
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Figure 5 Impact of project clustering accuracy 

 

From the figure it is illustrated that the proposed CFMC-LR framework achieved higher rate of clustering accuracy 

compared to other methods. It is also seen that, in Figure 5, the proposed Collaborative Filtered Maximization Clustering and 

Longitudinal Regression (CFMC-LR) shows a rise in the initial stature of the convergencegraphs during early iterations. 

However, when the size of the software program code was 1000MB, the rate of clustering accuracy decreases because of the 

extraction of data for each student differs in a varied manner.  

 

The figure shows that the graph become tranquil and better project clustering accuracy is achieved with a drift increase 

when the size of software program code was 5000MB. The project clustering accuracy based on Expectation Attribute 

Maximization is improved by 8% when compared to Process Mining Extension to SCAMPI [1] due to the usage of pre-processed 

project attributes that develops higher ranked project attributes.Besides, applying Expectation Attribute Maximization Clustering 

algorithm, processed element are compared with the reference set element to form unique clustering. This in turn helps in 

providing unique list of similar attributes belonging to a specific project forming a cluster and therefore improving the project 

clustering accuracy by 16% compared to CMMI-based SPI [2]. Henceforth, with the improved accuracy, reduction in the cost 

of software process identification is said to be ensured. 

 

5.3 Impact of success rate  

In order to measure the efficiency of success rate obtained through the CFMC-LR framework, the software program 

code size and the source lines of code are considered during the experimentation. 

Methods Success Rate (%) 

CFMC-LR 85.93 

Process Mining Extension to SCAMPI 79.32 

CMMI-based SPI 74.13 

 

The software maintainability rate using CFMC-LR is provided in an elaborate manner in table 1 with different code 

size and experiment performed using JAVA. 
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Figure 6 Impact of success rate 

 

Figure 6shows the success rate for open source software code with respect to differing project code size and source 

lines of code at different time intervals. As depicted in the figure with the increase in the project code size, the success rate is 

also increased in all the three works. But when compared to the state-of-the-art works, the success rate is increased using the 

proposed framework CFMC-LR.  

The success rate is improved using the proposed framework CFMC-LR owing to the fact that the proposed framework 

uses the Longitudinal Regression Software Process Selection algorithmthat selects the least squares so that the sum of the squares 

of the errors ‘𝜀𝑖
2’ isminimized. With the obtained intrinsic information, relevant project attributes are selected and used for 

clustering and accordingly, the software process is selected using Linear Regression. The advantage of using Linear Regression 

is that optimal software process model is selected that in turn decreases the cost of project life cycle and hence improving the 

success rate by 8% compared to Process Mining Extension to SCAMPI [1] and 7% compared to CMMI-based SPI [2] 

respectively.  

6. Conclusion  

Selection of software process by the project manager at an early stage remains a complex problem that attracts 

researchersto study and to try different methods and mechanisms to solve it. In this work, a new machine learning framework 

for selecting a software process is presented inorder to help project managers to take their decisions using Collaborative Filtered 

Maximization Clustering and Longitudinal Regression (CFMC-LR).A Contingency Matrix Collaborative Filtering techniquehas 

been designed towards software process selection for open source software code and therefore to improve the success rate of 

software process being selected at a faster pace. The CFMC-LR framework utilizes clustering model in the in the analysisprocess, 

and we have used expectation maximization in a bid to perform efficient clustering with the pre-processed project attributes. 

Next, with the efficient cluster being selected, based on the machine learning technique, appropriate software process has been 

selected by the project manager at an earlier stage of project development. To this, Linear Regression was applied to extract the 

appropriate software process model, therefore reducing the software development life cycle time. Experimental evaluation is 

conducted with the open-source program to measure the effectiveness of the proposed framework and parameter analysis are 

performed in terms of software development life cycle time, project clustering accuracy and success rate with respect to differing 

project code size and source program code. Compared to the existing software process withopen source software projects, the 

proposed CFMC-LR framework decreases the software development life cycle time andimprove the success rate by 49% and 

15% respectively, whereas the project clustering accuracy is said to be improved by 24%.  
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