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Abstract

The data processing sector's growth has led to increased reliance on data-driven business
choices and enterprise-scale data models. However, the accuracy of these choices depends on
the quality of the data used in analysis. This paper proposes a novel framework for data
cleaning methods, including missing value identification, domain-specific outlier
identification, detailed generic outlier reduction, and dimensionality reduction. The
framework achieves approximately 99 percent accuracy when compared to a benchmark
dataset. Software project management is a critical component in contemporary research and
practice, with high stakes and budgetary restrictions. This study uses a unique multiregression
model to forecast software project success, producing an output of almost 98.3% accuracy.
The study also produces a recommendation system for an ideal team design matrix based on
different team skills, allowing for more timely management and a lower risk of project
failure. Human competencies are still crucial for project success, and this work proposes an
innovative framework to profile projects, identify available employees, profile them based on
training requirements, and propose training recommendations. The framework's results are
highly acceptable and have achieved almost 99.1% accuracy.

Keywords: Software Engineering, Intelligent Recommender System, ML in Software
Management, Project Risk Prediction

Introduction

This research aims to improve the success rate of software projects by combining non-
conventional organizational metrics with deep learning methods. Software metrics are
essential for planning work items, monitoring productivity, and other applications [1]. They
are similar to the four roles of management: planning, organizing, controlling, and improving
the organization. Technical difficulties, employee skill development, social aspects, and
overall satisfaction with the organization significantly impact project success or failure. The
research focuses on the need to build a new set of software metrics due to the high number of
multi-billion-dollar projects delivered without 100% deliverables and satisfactory closures
[2]. The proposed framework uses a multi-regression model to forecast project success and
recommends ideal team matrix templates based on skills. The research also profiles projects
using clustering methods and identifies the best-suited employees for a specific project. The
research aims to develop a more accurate and reliable approach to predict software project
success or failure, helping organizations identify potential issues early in the project lifecycle

1873 Ms. Renu et al 1873-1883


mailto:renu@ggnindia.dronacharya.info
mailto:rajat.kumar@gnindia.dronacharya.info

Journal of Computational Analysis and Applications VOL. 33, NO. 5, 2024

10.48047/jocaaa.2024.33.05.27

and take proactive measures to mitigate risks [3]. This research can contribute to the growth
of the software industry and improve the success rate of software projects. This research aims
to extract the Stack Overflow Developer Survey's parametric dataset, reduce data
dimensionality, develop a new machine learning algorithm to identify the best starting,
operating, and finishing points, and develop a recommendation system using project success
and failure circumstances [4]. The proposed solution architecture includes a large set of data
on employee and organizational aspects, focusing on skillsets, social aspects, mental health,
and project aspects. The metric parameters are mapped and a prediction framework is built
using these metrics [5]. After identifying success and failure points, a recommendation
system is built to avoid failure conditions. The research is divided into three phases:
extraction of the dataset, building parameters, identifying boundary conditions, formulating
the final metric, adopting the proposed metric and applying machine learning conditions, and
designing adaptive thresholds for the recommendation system [6]. The ultimate goal is to
minimize failure chances and improve skill development.
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Fig. 1 Basic building and block diagram

Software cost estimation is crucial for project management and has led to the development of
various methodologies to improve the estimating process [7]. However, the validity of these
methods has been questioned due to the numerous biases involved. This paper uses a multiple
comparisons algorithm to rank cost estimation models, identifying those with significant
differences in accuracy and clustering them into nonoverlapping groups [8]. The study
compares 11 prediction models across six datasets in a large-scale comparison, demonstrating
the advantages and valuable data gained through a comprehensive comparison of different
approaches [9]. Global Software Development (GSD) has been successful due to its use of
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Software Project Management (SPM). This work aims to define and categorize studies on
SPM techniques for GSD, identify their strengths and weaknesses, and examine their use in
the industry [10]. A systematic mapping study was conducted, examining 84 articles and
identifying the most commonly reported methods and estimating strategies for GSD. A case
study on aviation safety-critical software development used the COCOMO 1I approach to
estimate the needed effort. This study identified a Magnitude of Relative Error (MRE) of
31% and suggested ways to improve effort estimating accuracy in safety-critical software
projects [11]. The Intelligent Recommender and Decision Support System (IRDSS) was
presented to help scrum masters better evaluate an impending software project[12].

This study focuses on the use of simulation in software development to reduce the risk
of overestimation of software development effort. Using ARENA R® and historical data
from a software business, the study suggests replacing subjective estimations with continuous
simulation [13]. This simulation can accurately estimate software development efforts and the
level of risk taken on each overall effort estimate, helping in risk management decisions. The
study also proposes the use of fuzzy inference rules for semi-automatic estimating to mitigate
the negative aspects of expert judgment-based estimation [14]. The results show that when
fuzzy inference rules are included, the expert judgment-based approach's estimate accuracy
improves by 39.35 percent. The study also examines the Extreme Learning Machine (ELM)
model and compares it to existing literature-based methods for estimating effort. The results
suggest that the ELM model provides the best results for evaluating software design effort
[15].

Research Methodology

The data processing sector's growth has led to increased reliance on data-driven business
choices and enterprise-scale data models[16]. This paper proposes a novel framework for
data cleaning methods, including missing value identification, domain-specific outlier
identification, detailed generic outlier reduction, and dimensionality reduction, which
achieves approximately 99 percent accuracy. The study also uses a unique multiregression
model to forecast software project success, producing an output of almost 98.3% accuracy
[17]. It also produces a recommendation system for an ideal team design matrix based on
different team skills, allowing for more timely management and a lower risk of project failure
[18]. The framework also profiles projects, identifies available employees, profiles them
based on training requirements, and proposes training recommendations. The research aims
to improve the success rate of software projects by combining non-conventional
organizational metrics with deep learning methods. It extracts the Stack Overflow Developer
Survey's parametric dataset, reduces data dimensionality, develops a new machine learning
algorithm, and develops a recommendation system using project success and failure
circumstances [19].

This study examines the effectiveness of Software Project Management (SPM)
techniques in Global Software Development (GSD) and their application in the industry. A
systematic mapping study was conducted, examining 84 articles and identifying the most
commonly reported methods and estimating strategies [20]. A case study on aviation safety-
critical software development used the COCOMO II approach to estimate the needed effort,
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identifying a Magnitude of Relative Error (MRE) of 31%. The Intelligent Recommender and
Decision Support System (IRDSS) was presented to help scrum masters evaluate an
impending software project [21]. The study also suggests using simulation in software
development to reduce the risk of overestimation of software development effort. The study
also proposes the use of fuzzy inference rules for semi-automatic estimating to mitigate the
negative aspects of expert judgment-based estimation [22]. The Extreme Learning Machine
(ELM) model was compared to existing literature-based methods for estimating effort, with
the ELM model providing the best results for evaluating software design effort [23].

Results and Analysis
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Fig.3 Merged Dataset Missing Value & Outlier Analysis
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Fig. 4 Generic Outlier Identification & Replacement Analysis

Table-1 Attribute Ranking Analysis

Rank Attribute Number | Attribute Name

Class Variable 0 CS

1 13 TI

2 6 SKILLS_UP

3 4 EXP

4 3 AGE

5 2 JC

6 5 SKILLS_NOW

T 7 JS

8 12 MI

9 8 JCHA

10 11 CI

11 10 DUR

12 9 PID

13 ID
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Table-2 Final Attribute Reduction Analysis

Classification Time
Iteration List of Attributes Accuracy Complexity

# (msec)
1 13,6,4,3,2,5,7,12,8,11,10,9,1 66 188
2 13,6,4,3,2,5,7,12,8,11,10,9 92 152
3 13,6,4,3,2,5,7,12,8,11,10 97 143
4 13,6,4,3,2,5,7,12,8,11 98 101
5 13,6,4.3.2,5,7,12.8 97 99
6 13,6,4,3,2,5,7,12 96 97
7 13,6,4,3,2,5,7 94 96
8 13,6,4,3,2,5 93 95
9 13,6,4,3,2 92 91
10 13,6,4,3 92 87
11 13,6,4 71 76
12 13,6 69 71
13 13 66 70
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Fig. 5 Predictive Classification Results (A)
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Parametric Analysis of the Results
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Table-3 Detailed Analytics

Class 1 2 Weighted Avg.
TP Rate | 1.000 |0.928 0.984
FP Rate |0.072 | 0.000 0.055
Precision | 0.979 | 1.000 0.984
Recall 1.000 | 0.928 0.984
F-Measure | 0.990 | 0.963 0.983
MCC 0.953 [ 0.953 0.953
ROC Area | 0.990 | 0.990 0.990
PRC Area | 0.997 | 0.979 0.993
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The study presents the results of a proposed framework and algorithms for anomaly reduction
in a dataset provided by the Public 2020 Stack Overflow Developer Survey [24]. The dataset
is divided into sub-sections and analyzed using a standard length domain moving averages
approach. The results show that the DMV-DSL algorithm achieves 100% accuracy in missing
value detection and replacement from the initial employee dataset. The merged dataset
domain-specific outlier and missing value analysis shows 100% accuracy. The Domain
Specific Rule engine algorithm eliminates un-realistic data in the datasets using a double
clustering method [25]. The OR-DSRE algorithm shows 100% accuracy during the missing
value analysis and nearly 90% accuracy during the domain-specific outlier detection process.
The generic outlier removal outcomes show nearly 100% accuracy, with the iterative outlier
identification and removal algorithm identifying all outliers within 5 iterations using the
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DDOD-R algorithm [26]. The attribute reduction results are also presented, showing that the
proposed framework and algorithms are effective in reducing anomalies in the dataset. The
findings are presented in five segments, providing a comprehensive analysis of the proposed
framework and algorithms [27]. The study focuses on the classification of a dataset using a
regression method called MR-PTCP. The dataset is divided into five stages, with the first
stage involving the classification of the dataset. The second stage involves the reduction of
the dataset based on the rank of the attributes. The third stage involves the elimination of the
highest-importance attributes [28]. The final analysis shows that the attributes identified till
the fifth iteration are considered optimal. The results show that the accuracy of the proposed
method during multiple regression is extremely high, but not compromised under overfitting
constraints [29]. The confusion matrix provides a significant understanding of the defects in
the algorithms in terms of true-negative and falsepositive. The confusion matrix obtained
from this proposed method is used to compare the accuracy obtained from the proposed
method with the parallel research outcomes.

Conclusion:

This study uses the Stack Overflow benchmark dataset and a synthetic dataset to analyze
employee-related data. The DMV-SDL technique is used for employee-related analysis,
reducing processing time. The OR-DSRE technique is used for domain-specific outlier
imputation, merging the datasets. The DDOD-R method is applied for general outlier
imputations. The framework achieves 99 percent accuracy in imputations. The study also
provides a multi-purpose domain-specific data preprocessing framework for large-scale
company data, increasing the reliability of data-driven corporate choices. The framework also
provides a recommendation system for the best team composition based on a broad range of
characteristics. The research also shows a methodology for predicting upskilling needs for
software projects based on factors such as technicalities, interpersonal, and financial aspects.
The findings are noteworthy and should be considered a standard for future research.
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