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ABSTRACT

Projects are very important to all organizations, as project managers view various issues in the 
organization from a higher perspective. The conclusions drawn from these projects determine the 
base on which various decisions affecting the organizations will be made. This paper introduces the 
statistical analysis tools used in various project environments to differentiate between the effective and 
ineffective tools of statistical analysis. Statistical analysis tools are useful in analyzing data collected 
for a study to be conducted on the same data. The literature review illustrates how statistical analysis 
tools have been effective and useful to researchers. Over time, more effective statistical tools will be 
invented that will improve the process of data analysis. The findings on different statistical analysis 
tools will also be highlighted. Thus, the discussions show the impact, applications, and lessons learned 
from the statistical analysis tools by the project managers and engineers. The study will also present 
the limitations, along with the conclusions and recommendations.
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INTRODUCTION

Organizations undergo daily problems that need to be rectified. Project management mainly targets 
any future problems that the organization is likely to encounter, as well as the possible dangers 
that the problems may bring in the future (Ali & Bhaskar, 2016; Besner & Hobbs, 2012; Zwikael, 
& Smyrk, 2012; Parker, Parsons, & Isharyanto, 2015). Project managers are expected to plan the 
projects, supervise, and control all activities that determine the success of the projects. Since projects 
are normally exposed to great risks that threaten their success, the risk management tools are meant 
to ensure that the risks are reduced, controlled, or avoided (Carley & Prietula, 2014; Ahern, Leavy, & 
Byrne, 2014; Cova & Salle, 2005; Galli, Kaviani, Bottani, & Murino, 2017). A project management 
environment is where the project takes place, and it normally has a great impact on the project. Thus, 
the environment needs to have favorable conditions that will impact the project positively.

In the project environment, there is the interaction of various factors that include the physical 
factors, social factors, organizational factors, physiological factors, financial factors, cultural factors, 
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operational factors, ecological factors, and economic factors. The effectiveness of all of these 
factors will estimate the success of the project. An unsuccessful project is usually an expense to the 
organization that causes great loss because the investment was expected to bring about profits. If a 
project is unsuccessful, then the investment becomes a waste, and no profit is expected. Thus, projects 
need to employ the use of statistical analysis tools to analyze the data and generate conclusions to 
make decisions. Several tools can be used in statistical analysis, such as activity diagrams, critical 
chain project management, critical path method, critical path drag, program evaluation and review 
technique, drag cost, etc.

Research Statement
Effective and ineffective statistical analysis tools in project management are aspects that largely 
determine the failure or success of an organization. This paper focuses on analyzing the two types of 
statistical analysis tools that are effective and ineffective in the environment of project management, 
which depends on how the tools are applied to the data and the environment in which the analysis 
is to be conducted.

Literature is available that stresses these variables, their concepts, and models as important 
factors in project management and performance, but a research gap has developed. Research does 
not address the part that these variables, their concepts, and models play in allowing a smooth 
progression in project management and performance. This study will attempt to fill this research 
void by focusing on assessing the elements and applications of these variables, their concepts, and 
models. The objective is to see overlaps and disparities to reveal any likenesses and differences. 
Afterwards, this study aims to prepare a universal framework, so as to amass the best practices and 
elements from the current model. This framework would apply to any form of project, operation, and 
performance. Also, answers are based on evidence for any primary questions from experts on these 
variables, their concepts, and models, such as how to best utilize them for project management and 
performance success. With this study, future researchers can use the findings as a platform on which 
to build a more detailed evaluation of this subject.

Managerial Relevance
Engineering managers must make vital decisions for project management and engineering. In 
the future, these decisions will grow in importance, and this study addresses future topics for the 
engineering management practitioner. This study also addresses how such future topics apply to 
engineering management, as well as reasons why the engineering manager must consider this in 
their operations, project management lifecycle, and project management settings. The implications 
of this study are addressed, and the findings are evaluated within various organizational levels: the 
corporate level, the managerial level, and the project team level. Lastly, the conclusions are useful 
to an engineering management practitioner for capitalizing on the variables, concepts, models, and 
their relationship from various project environment and operation levels.

Originality
Many companies conduct researches to try solving issues that arise in their respective organizations. 
Thus, it is vital for organizations to concentrate on selecting the most effective statistical analysis 
tools, as their results are always used for decision-making. The researchers must carefully select these 
analytical tools because an inappropriate tool can lead to poor analysis.

Furthermore, this research is meant to add to and expand on the literature about these variables, 
their concepts, and models, as well as the likenesses and differences of their assessment tools. Other 
studies that have examined the hypotheses in this paper added to the data within this study. This 
study first applies a design-science-investigate strategy, and it then supports a valuable growth reveal 
with reasonable and hypothetical application. Finally, this study produces an appropriate assessment 
model that encompasses elements of these variables, their concepts, and models. The evaluation 
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instrument is addressed as a response to the examination question, and the development models are 
outlined. The study explains the approach to this outline and the consequences of the meeting, while 
the conclusion addresses preliminary discoveries, organizes investigative limitations, and provides 
plans for future studies.

With this study, there is a substantial contribution to literature on the application of these variables, 
their concepts, and models in project management and operations management. Thus, this study also 
contributes to the profession, as it shows the benefits of utilizing these variables, their concepts, and 
models and the detriments of not considering performance and sustainability. The examples are true-
to-life, which shows the need to apply these theories into theory and practice.

Organizational and Managerial Contribution and Relevance
Since there is a knowledge gap in reference to these variables, concepts, and models, this study also 
aims to assess them to propose a unified framework. Future research could be disadvantaged with this 
knowledge gap, so this study will alleviate it. Additionally, various business subjects are addressed, 
so the results can enhance the subjects. By assessing how these variables, concepts, and models 
relate, future researchers can better recognize their advantages and disadvantages. For a practitioner, 
this study can help to know these variables, their relationship, and the implications in this study to 
develop better strategies.

Contribution to the IE/EM Profession and Research Fields
Industrial Engineering (IE) is a division of engineering that largely deals with designs and operations 
of industrial processes. For IE to run its operations successfully, it is bound to conducting sets of 
statistical analysis that help in making decisions for a sector to achieve its goals. Industrial engineering 
heavily relies on statistical analysis in its daily operations (Ali & Bhaskar, 2016; Labedz & Gray, 
2013; Lee et al., 2013; Todorović et al., 2015). For example, a most commonly used procedure can 
deal with control statistics, sampling, and the determination of sampling portions that are required 
to give out results. On the other hand, engineering management can be defined as the application 
of management skills to the engineering practice (Carley & Prietula, 2014; Winter et al., 2006a; 
Zhang et al., 2016; Xue, Baron, & Esteban, 2016). Engineering management, as a profession, unites 
the problem-solving practice of engineering with the administrative, organizational, and planning 
practices of management to ensure that everything is in place for the daily performance of engineering 
enterprises. The effective and ineffective tools have been of great importance in Industrial Engineering 
and Engineering Management. Most of the projects in these two fields have been made successful 
because those responsible have carefully chosen and utilized the tools.

With this research, its information contributes to the IE research. This study can expedite the 
engineering work process, such as arranging and upholding the system with current technology, 
saving on time, money, materials, energy, work hours, machine time, and other resources that 
could inhibit productivity. Industrialists can also find useful information, which makes this study 
a contribution to the research field. Any reader can understand the vocabulary in this study, as it 
clearly depicts the effectiveness of these variables, their concepts, and models. Future readers can 
also find a clear theoretical framework with relevant information, which can help in gaining an edge 
over the competition.

Paper Organization
This paper is arranged into certain sections. In section two, there is a review of literature within these 
research fields. The research methodology is explained in section three. Also, section four features the 
findings from the study and analysis. The implications are outlined in section five for the practitioner, 
and there are ideas presented for future research, research limitations, and general conclusions.
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LITERATURE REVIEW

To fully review the effective and ineffective statistical tools in project management environments, 
one needs to know all of the statistical tools. The tools are the methods that are used in the analysis 
(Christensen et al., 2011; Parast, 2011; Papke-Shields & Boyer-Wright, 2017; Loyd, 2016; Azar, 
2012). Research shows that these methods have been used for quite a long time, whereby some have 
proven to be effective or ineffective. According to the researchers, effective tools should be the ones 
that meet the following factors:

i) 	 Ones that bring or provide answers to scientific questions
ii) 	 Ones that ease the reproduction of the analysis
iii) 	 Ones that check assumptions of a researcher in analysis
iv) 	 Tools that are simple
v) 	 Tools that tend to highlight the quality of the data
vi) 	 Tools that help in planning ahead
vii) 	Tools that provide assessment for uncertainty
viii) 	 Tools that make statistical analysis appear to be more than sets of computations

From the above rules, one can easily identify a statistical tool that meets these requirements 
(Carley & Prietula, 2014; Hoon Kwak, & Dixon, 2008; Eskerod & Blichfeldt, 2005; Brown & 
Eisenhardt, 1995). However, most of the statistical tools have been developed with time and continue 
to be developed to ensure that they provide the required outcomes (Christensen et al., 2011; Galli, 
2018a; Galli, 2018b; Galli, 2018c).

RESEARCH METHODOLOGY

Literature Review Research Approach
For the literature review, there are two steps: first, the search for relevant information (inputs from 
keywords) and second, a more structured review process that involved databases and search strong. 
The tables of contents for two journals were searched through, as they also applied.

Part 1: Explorative and Unstructured Literature Review
This study aimed to reconsider some keywords, so publications that reflected the keywords were 
assessed. This resulted in 31 journal articles and 7 books. The keywords were also evaluated from 
the total 38 publications, as these would be used as search terms in the structured review.

Part 2: Structured Literature Review
A structured and systematic approach was then used to conduct reviews that were featured in other 
literature. There are four phases to this section, as the first phase dealt with preparing and scoping. 
The second phase dealt with preparing for the review. Phase three was the searching, evaluating, and 
selecting of literature, while phase four featured assessing all selected literature.

In phase (1), the review scope highlighted project-relevant research on marketing and strategic 
planning as being vital to the studies. It was expected that the search would lead to a sufficient amount 
of evidence and data to contribute to the study.

Phase (2) entailed other concepts being attached to the keywords for more information. Other 
concepts were comprised of the keywords, their relationship, and their interaction. Certain concepts 
were too vague, such as success, evaluation, and impact; these concepts did not result in practical 
and focused results.
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Phase (3) was the successful compilation of results. Many databases were used, such as ProQuest, 
Business Source Complete, Elsevier, EBSCO, and ScienceDirect, which resulted in 15 conference 
papers and 25 results. This resulted in a total of 40 results from conference and journal papers.

The end of the search involved a search through the tables of contents for tier 1 and tier 2 journals, 
which were both academic and practitioner-based. Any relevant article was found that may not have 
matched the keywords, and articles that were chosen would become premier specialty journals for the 
keywords. Figure 1 depicts the search and selection, as well as its three streams: the explorative and 
unstructured search, the structured search with search strings, and examining the tables of contents.

Utilizing the three streams limited the results to 42 publications in the analysis. The selection 
process yielded between 24 and 18 results, as it focused on academic journal articles, literature 
reviews, conference papers and proceedings, and books. Triangulation methods were used, and the 
first selection aimed to determine if the resulting publications connected to the keywords and project 
research. The evaluation involved inclusion and exclusion criteria that highlighted the abstract, as 
some publications featured the introduction or the entire paper.

For phase (4), the information was organized into an inductive and deductive analysis that was 
documented with a software package, as well. The deductive analysis entailed documenting the 
university and country from the authors, along with suggested categories. Research genres were 
indicated as the following: empirical research, theory development, research essays and literature 
reviews, or “other”. Also, deductive coding was applied with evidence that the publications utilized 
theoretical frameworks, such as with a research-based view and contingency theory. It was also 
indicated if the publication did or did not feature a model.

A grounded theory approach was then used throughout the inductive analysis for coding some 
publications with open and selective codes. Most of the selected literature was from the annual 
average number of citations, which provided balance for the older publications. Relevant literature 
reviews were added, as well as current publications that provided substantial contributions to the 
keywords research.

Phase (4) illustrates that key themes resulted from assessing the list of open codes, so as to gather 
them for axial and selective codes. The literature review process began with the first two phases in 
April 2018 and August 2018, while the final evaluation for pertinent materials and their relationship 
was also performed within this time period.

Gathering these papers illustrates that key themes are shared between the variables and concepts 
from descriptive and trait perspectives. Also, statistical analysis and the investigation of other variables 
or factors gave weight to this study’s research conclusions. The following section features Table 1, 
which shows the 42 studies and the key themes.

Evaluating the 42 studies resulted in finding that the literature assessed the keywords with 
statistical methods from relational and causal perspectives, which gave weight to the research 
conclusions. In Table 2, the statistical methods are summarized that were used for the 42 studies, 
while Table 3 summarizes the number of factors or variables that were assessed in the journals.

The following section will feature the findings for these research methods, which are based on 
the themes/topics from later sections.

FINDINGS

In every project, there must be a collection of data that will be analyzed to draw conclusions from the 
analysis (Christensen et al., 2011; David, David, & David, 2017; Galli & Hernandez-Lopez, 2018; 
Hartono, FN Wijaya, & M. Arini, 2014). In the past, collecting data was difficult because data was 
not readily available. Individuals had to physically go to the venues where the data was to be collected 
(Marchewka, 2014; Medina & Medina, 2015; Sharon, Weck, & Dori, 2013; Svejvig & Andersen, 
2015). Furthermore, time-consuming methods, such as interviewing or observing, had to be used 
to obtain raw data. Due to advancement in technology, data collection has become easier because 
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secondary data sources are available on the internet. Also, the internet contains all information and 
data required in a project (Ali & Bhaskar, 2016; Von Thiele Schwarz, 2017; Yun et al., 2016; Xiong 
et al., 2017; Zelinka & Amadei, 2019). Additionally, private and public organizations publish their 
monthly and annual reports, which are accessible to the public. In the project, organizations tend 
to use large volumes of data that need advanced statistical analysis tools. For statistical tools to be 
effective, there are several things that a researcher needs to consider. First of all, it is important to note 
the objectives of the study to use the appropriate statistical tool correctly. If one of the objectives is 
to obtain the average of the data, then the mean will be used (Harris & McCaffer, 2013; Al-Kadeem, 
et al., 2017a; Andersen, 2014; Arumugam, 2016; Badi & Pryke, 2016).

Descriptive Statistics
Descriptive statistics is one of the statistical analysis tools that analyze the raw data to present it in a 
meaningful way for project managers to interpret more easily. The descriptive statistics contain the 
measures of central tendency: the mean, mode, and median measures of spread that is the standard 
deviation and variance, the minimum value, the maximum value, and the range between them. The 
mode is significant to the project managers because it enables them to determine the most sampled 
data value. For example, if a project required data on the incomes of people in a given neighborhood 
per month and the mode value is $1000, then the project managers will automatically conclude that 
most individuals in the neighborhood receive a monthly income of $1000. The median is the middle 
data value when the data set is arranged in ascending order (Harris & McCaffer, 2013; Burnes, 2014; 
Detert, 2000; Nikabadi & Hakaki, 2018; J. W., 2018). If some values in the data set are odd numbers, 
then the middle value is one, but if the number of values in the data set is an even number, then the 
middle values will be two. Therefore, the median is the average of those two values. The median is 
supposed to estimate the average of the data set to the project managers, but in a case where the data 
set has outliers, this is not applicable (Marchewka, 2014; Easton & Rosenzweig, 2012; Galli and 
Kaviani, 2018; Nabavi & Balochian, 2018). The mean gives the average value of the given dataset, 
but there are different types of mean, and each type is used in a different context. Understanding the 
types of mean is vital in any data analysis process to obtain an appropriate value that will give the 
right information (Vergura et al., 2009).

Figure 1. Research approach for literature review
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Arithmetic mean is the most basic type of mean that gives the average of the total number of 
values collected as data (Vergura et al., 2009; Gimenez-Espin, 2013; Marcelino-Sádaba et al., 2014). 
Arithmetic mean is given by summing together all values and dividing them by the total number of 
values. Also, it is used in analyzing data that has no outliers that are the data set, and it has no extreme 
values. Furthermore, it may be useful to meteorologists in calculating the arithmetic means of the 
temperature of particular regions where the range of temperatures is close, as they carry on with their 
projects on weather conditions. Most importantly, arithmetic mean is easy to calculate and also easy 
to understand (George, Haas, & Pentland, 2014; Milner, 2016; Sutherland, 2004). Since it is based 
on observation, it is a good representation of the whole data set, but it is not applicable where the 
data set is a continuous interval with an open end.

Let x1, x2, x3,…xn be n values:

Table 1. Identified studies from research approach by theme

Theme #1 Theme #2

Ahern, Leavy, & Byrne, (2014)﻿
Andersen, (2014)﻿
Arumugam, (2016)﻿
Cova & Salle (2005)﻿
David, David, & David, (2017)﻿
Eskerod & Blichfeldt, (2005)﻿
Galli & Kaviani, (2018)﻿
Galli et al., (2017)﻿
George, Haas, & Pentland, (2014)﻿
Hartono, FN Wijaya, & Arini, (2014)﻿
Healey, (2014)﻿
Manly & Alberto, (2016)﻿
Schwedes, Riedel, & Dziekan, (2017)﻿
Xue, Baron, & Esteban, (2016)﻿
Xue, Baron, & Esteban, (2017)﻿
Zelinka & Amadei, (2019)

Ali & Bhaskar, (2016)﻿
Al-Kadeem et al., (2017a)﻿
Azar, (2012)﻿
Badi & Pryke, (2016)﻿
Carley & Prietula, (2014)﻿
Gafi & Javadian, (2018)﻿
Gimenez-Espin, (2013)﻿
Kwak, & Dixon, (2008)﻿
Medina & Medina, (2015)﻿
Milner, (2016)﻿
Nikabadi & Hakaki, (2018)﻿
Parast, (2011)﻿
Parker, Parsons, & Isharyanto, (2015)﻿
Sharon, Weck, & Dori, (2013)﻿
Shenhar & Levy, (2007)﻿
Sutherland, (2004)﻿
Yun et al. (2016)

Theme #3 Theme #4

Christensen et al., (2011)﻿
Detert, (2000)﻿
Easton & Rosenzweig, (2012)﻿
Galli, & Hernandez-Lopez, (2018)﻿
Galli, (2018c)﻿
Ghosh, Ramteke, & Srinivasan, (2014)﻿
Gholizad et al., (2017)﻿
J. W. (2018)﻿
Kerzner & Kerzner, (2017)﻿
Labedz & Gray, (2013)﻿
Lee et al. (2013)﻿
Marchewka, (2014)﻿
Modarres, (2016)﻿
Nabavi & Balochian, (2018)﻿
Svejvig & Andersen, (2015)﻿
Todorović et al. (2015)﻿
Usman Tariq, (2013)﻿
Vergura et al., (2009)﻿
Von Thiele Schwarz, (2017)﻿
Zikmund et al., (2013)﻿
Zwikael & Smyrk, (2012)

Aslani, Akbari, & Tabasi, (2018)﻿
Besner & Hobbs, (2012)﻿
Brown & Eisenhardt, (1995)﻿
Burnes, (2014)﻿
Galli, (2018a)﻿
Galli, (2018b)﻿
Harris & McCaffer, (2013)﻿
Hazır, (2015)﻿
Hox, Moerbeek, & Van de Schoot, (2017)﻿
Loyd, (2016)﻿
Marcelino-Sádaba et al., (2014)﻿
Mertler & Reinhart, (2016)﻿
Nagel, (2015)﻿
Ott & Longnecker, (2015)﻿
Papke-Shields, & Boyer-Wright, (2017)﻿
Simundic, (2018)﻿
Velte & Stawinoga, (2017)﻿
Williams, (2018)﻿
Winter et al. (2006a)﻿
Xiong et al. (2017)﻿
Zhang et al., (2016)
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Table 2. Systematic analysis results by statistical analysis method

Statistical Method Number of Articles (Frequency) Author(s)

Regression 19﻿
(25.00% of total articles)

Ali & Bhaskar, (2016)﻿
Azar, (2012)﻿
Carley & Prietula, (2014)﻿
Cova & Salle, (2005)﻿
David, David, & David, (2017)﻿
Detert, (2000)﻿
Easton & Rosenzweig, (2012)﻿
Galli et al., (2017)﻿
Gafi & Javadian, (2018)﻿
Gholizad et al., (2017)﻿
Gimenez-Espin, (2013)﻿
Harris & McCaffer, (2013)﻿
Loyd, (2016)﻿
Nabavi & Balochian, (2018)﻿
Nikabadi & Hakaki, (2018)﻿
Ott & Longnecker, (2015)﻿
Sutherland (2004)﻿
Xue, Baron, & Esteban, (2017)﻿
Zwikael & Smyrk, (2012)

ANOVA 15﻿
(19.74% of total articles)

Ahern, Leavy, & Byrne, (2014)﻿
Aslani, Akbari, & Tabasi, (2018)﻿
Brown, & Eisenhardt, (1995)﻿
Christensen et al., (2011)﻿
Galli, (2018b)﻿
Galli, (2018c)﻿
Ghosh, Ramteke, & Srinivasan, (2014)﻿
Healey, (2014)﻿
Manly & Alberto, (2016)﻿
Mertler & Reinhart, (2016)﻿
Nagel, (2015)﻿
Papke-Shields & Boyer-Wright, (2017)﻿
Xiong et al., (2017)﻿
Yun et al. (2016)﻿
Zelinka & Amadei, (2019)

Q-Test 15﻿
(19.74% of total articles)

Arumugam, (2016)﻿
Badi & Pryke, (2016)﻿
George, Haas, & Pentland, (2014)﻿
Hazır, (2015)﻿
Hoon Kwak, & Dixon, (2008)﻿
J. W. (2018)﻿
Labedz & Gray, (2013)﻿
Modarres, (2016)﻿
Parker, Parsons, & Isharyanto, (2015)﻿
Schwedes, Riedel, & Dziekan, (2017)﻿
Usman Tariq, (2013)﻿
Velte & Stawinoga, (2017)﻿
Von Thiele Schwarz, (2017)﻿
Williams, (2018)﻿
Zikmund et al., (2013)

t-Test 13﻿
(17.11% of total articles)

Andersen, (2014)﻿
Azar, (2012)﻿
Besner & Hobbs, (2012)﻿
Burnes, (2014)﻿
Eskerod & Blichfeldt, (2005)﻿
Galli, (2018a)﻿
Hox, Moerbeek, & Van de Schoot, (2017)﻿
Winter et al., (2006a)﻿
Hartono, FN Wijaya, & Arini, (2014)﻿
Lee et al., (2013)﻿
Sharon, Weck, & Dori, (2013)﻿
Shenhar & Levy, (2007)﻿
Zhang et al. (2016)
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The second type of mean that is also a statistical tool is the geometric mean, which is calculated by 
multiplying all figures in the data set and getting the nth root where n is the total number of figures in 
the dataset. The geometric mean is different from the arithmetic mean because it takes care of outliers. 
During the analysis, the geometric mean only takes care of the values in a close range and focuses less 
on the outliers. Geometric mean can be useful to the biologists having a project that requires them 
to determine the size of the populations of different bacteria (Ghosh, Ramteke, & Srinivasan, 2014; 
Nagel, 2015; Schwedes, Riedel, & Dziekan, 2017; Aslani, Akbari, & Tabasi, 2018). It can also be 
useful to economists having a project that requires them to determine the distribution of the incomes 
in a particular neighborhood. The geometric mean is useful in financial institutions for calculating 
the growth rates and returns on different portfolios and applying the findings in various projects. The 
geometric mean is not easy to calculate and understand like the arithmetic mean (George, Haas, & 
Pentland, 2014; Usman Tariq, 2013; Gafi & Javadian, 2018). It also does not take care of negative 
values, so if one of the values in a given data set is negative, then the geometric mean may not be 
applicable. The formula of geometric mean is given by:
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a i = the values in the data set, n = total number of the data values	

The third type of mean, which is also a commonly used statistical tool, is the weighted mean. 
In the weighted mean, all of the values in the data set do not give an equal contribution to the final 
total figure (Hazır, 2015; Shenhar & Levy, 2007; Gholizad, Ahmadi, Hassannayebi, Memarpour, 

Statistical Method Number of Articles (Frequency) Author(s)

Chi-Square Test 14﻿
(18.42% of total articles)

Al-Kadeem et al. (2017a)﻿
Galli & Kaviani, (2018).﻿
Galli & Hernandez-Lopez, (2018)﻿
Kerzner & Kerzner, (2017)﻿
Marcelino-Sádaba et al., (2014)﻿
Marchewka, (2014)﻿
Medina & Medina, (2015)﻿
Milner, (2016)﻿
Parast, (2011)﻿
Simundic, (2018)﻿
Svejvig & Andersen, (2015)﻿
Todorović et al., (2015)﻿
Vergura et al., (2009)﻿
Xue, Baron, & Esteban, (2016)

Table 2. Continued
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continued on following page

Table 3. Systematic analysis results by number of variables studied

No. Factors Studied Number of Articles (Frequency) Author(s)

1 17﻿
(22.37% of total articles)

Andersen, (2014)﻿
Aslani, Akbari, & Tabasi, (2018)﻿
Besner & Hobbs, (2012)﻿
Carley & Prietula, (2014)﻿
David, David, & David, (2017)﻿
Galli, (2018b)﻿
J. W. (2018)﻿
Lee et al., (2013)﻿
Medina & Medina, (2015)﻿
Nagel, (2015)﻿
Nikabadi & Hakaki, (2018)﻿
Ott & Longnecker, (2015)﻿
Papke-Shields & Boyer-Wright, (2017)﻿
Sutherland, (2004)﻿
Von Thiele Schwarz, (2017)﻿
Yun et al., (2016)﻿
Zelinka & Amadei, (2019)

2 11﻿
(14.47% of total articles)

Al-Kadeem et al. (2017a)﻿
Brown, & Eisenhardt, (1995)﻿
Galli & Hernandez-Lopez, (2018)﻿
Gafi & Javadian, (2018)﻿
Gholizad et al., (2017)﻿
Harris & McCaffer, (2013)﻿
Healey, (2014)﻿
Manly & Alberto, (2016)﻿
Marchewka, (2014)﻿
Shenhar, & Levy, (2007)﻿
Xue, Baron, & Esteban, (2016)

3 13﻿
(17.11% of total articles)

Arumugam, (2016)﻿
Badi & Pryke, (2016)﻿
Eskerod, & Blichfeldt, (2005)﻿
Galli et al., (2017)﻿
Gimenez-Espin, (2013)﻿
Loyd, (2016)﻿
Marcelino-Sádaba et al., (2014)﻿
Mertler & Reinhart, (2016)﻿
Modarres, (2016)﻿
Svejvig & Andersen, (2015)﻿
Usman Tariq, (2013)﻿
Winter et al., (2006a)﻿
Zhang et al., (2016)

4 10﻿
(13.16% of total articles)

Ahern, Leavy, & Byrne, (2014)﻿
Detert, (2000)﻿
Easton & Rosenzweig, (2012)﻿
Galli, (2018a)﻿
Hoon Kwak, & Dixon, (2008)﻿
Kerzner & Kerzner, (2017)﻿
Labedz & Gray, (2013)﻿
Parast, (2011)﻿
Todorović et al. (2015)﻿
Zwikael & Smyrk, (2012)

5 12﻿
(15.79% of total articles)

Ali & Bhaskar, (2016)﻿
Azar, (2012)﻿
Burnes, (2014)﻿
Cova & Salle, (2005)﻿
Galli, (2018c)﻿
George, Haas, & Pentland, (2014)﻿
Hazır, (2015)﻿
Hox et al., (2017).﻿
Sharon, Weck & Dori, (2013)﻿
Velte & Stawinoga, (2017)﻿
Xue, Baron, & Esteban, (2017)﻿
Zikmund et al., (2013)
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& Shakibayifar, 2017). The weighted mean is used mostly in cases where some values in the data 
set have more worth than others. This is a statistical analysis tool that may be used in analyzing 
performance in a learning institution where the final test bears more weight than the assessment 
tests. When tutors have a project of studying the average performance of their students throughout 
the term, they will have more weight in the final exam than on the assessment tests. The formula for 
the weighted mean is given by:
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whereas:

•	 x
w

 is the weighted mean variable
•	 w

i
 is the allocated weighted value

•	 x
i
 is the observed values

Finally, harmonic mean is, in most cases, used in analyzing data that concerns average speed. It 
is rarely used because of the limited data sets of speed values. Also, it is calculated by dividing the 
total number of values into the data set by the sum of the reciprocal of all values in the dataset. The 
formula is as shown below:
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Χi = the values in the data set, n = total number of the data values	

From these statistical tools that analyze the average of a data set, it is important to analyze the set of 
data before deciding on which statistical analysis (average) tool to use. Also, it is important to scrutinize 
the range of the data values and if there are any outliers. One should identify the type of dataset that is 
being analyzed for the project. For example, data on speed will use the harmonic mean (Hazır, 2015).

No. Factors Studied Number of Articles (Frequency) Author(s)

6 12﻿
(15.79% of total articles)

Christensen et al., (2011)﻿
Galli & Kaviani, (2018)﻿
Ghosh, Ramteke, & Srinivasan, (2014)﻿
Hartono, FN Wijaya, & Arini, (2014)﻿
Milner, (2016)﻿
Nabavi & Balochian, (2018)﻿
Parker, Parsons, & Isharyanto, (2015)﻿
Schwedes, Riedel, & Dziekan, (2017)﻿
Simundic, (2018)﻿
Vergura et al., (2009)﻿
Williams, (2018)﻿
Xiong et al., (2017)

Table 3. Continued
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The measure of dispersion or spread that is the variance and standard deviation measure show 
that the dataset is from the mean. If the value of the standard deviation is small, then the project 
managers will understand that the data values in the data set are close to the mean and vice versa. 
Standard deviation is calculated as follows:

∑ −( )
−( )
x x

n

2

1
	

where:

x = each score	
x = the mean or average	
n = the number of values	
Σ = means we sum across the values	

The variance is also used to measure the extent to which the data is distributed from the mean. 
It is the square of standard deviation. Its formula is given by:

σ2
2

= ∑ −( )x x N
i

/ 	

σ2 = variance	

x
i
= the value of the ith element	

x = the mean of x	
N = the number of elements	

Data Distributions
Data distributions are also statistical analysis tools. In project management, before employing the use 
of statistical analysis tools, an individual needs to understand the distribution of the data collected 
(Healey, 2014). There are various types of distributions, such as normal distribution, binomial 
distribution, negative binomial, Poisson distribution, uniform distribution, exponential distribution, 
and Bernoulli distribution, among many others (Kerzner & Kerzner, 2017). To determine the data 
distribution, the project managers are required to observe the data and to discover the available 
parameters. For example, for a data set to be a binomial distribution, probability and the total number 
of the data values must be known (Ghosh et al., 2014).

Hypothesis Testing
A hypothesis is a statement in a project that presents a given fact that is yet to be fully investigated. 
Hypothesis testing helps in proving the validity of the hypothesis statement, while the hypothesis 
test helps in determining the truth and significance of the hypothesis statement. The statement whose 
significance is being tested is referred to as the null hypothesis (Kerzner & Kerzner, 2017; Xue, Baron, 
& Esteban, 2017). Also, the calculation of the p-value is commonly referred to as the probability 
value. When the p-value is small that is < 0.05, then it implies that the evidence is too weak, so the 
null hypothesis is rejected. If the p-value is large or > 0.05, then the null hypothesis is not rejected, 
since the evidence supporting the hypothesis statement is too strong (Healey, 2014).
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Parametric and Non-Parametric Tests
Parametric and non-parametric tests are also used as statistical analysis tools for analyzing 
data. However, before using either of these tools, it is important to study the data that is to be 
analyzed carefully.

Parametric tests are mostly used in analyzing normal distributions. Most data sets are normally 
distributed to employ the use of parametric tests. Parametric tests assume that the mean of the collected 
sample is normally distributed and that the variances of the samples and those of the populations from 
which the samples were collected are equal. The most common parametric test is the ANOVA, which 
is also known as the analysis of variance, the student t-test, and the repeated measures. However, 
parametric tests can give erroneous results (Ghosh et al., 2014).

1. 	 Analysis Of Variance (ANOVA): The above parametric test is used to any difference, which is 
significant between the means of two or more given groups. In ANOVA, two variances are studied: 
the variance between the groups and the variance within each group. The second variance, the 
within-group variance, which is also known as the error variance, is the variation which cannot 
be incapacitated in the study. The variances in parametric tests are compared using the F-test. 
The F statistic is given by:

F
MS

MS
b

w

= 	

2. 	 The Student T-Test: This test is used to determine the null hypothesis that the means of two 
different groups are equal. It is used in determining if the mean of a sample is equal to the mean 
of the population. It can also test if two different samples collected from one population have 
equal means. The formula for the t-test is:

t
d

SE
d

= 	

3. 	 Repeated Measures Analysis of Variance: This is a test that is used to measure if the mean of 
three or more groups is equal. In repeated measures ANOVA, the measures of the samples are 
carried out in different conditions and at different times. The dependent variable is measured 
repeatedly (Simundic, 2018).

Meanwhile, non-parametric tests are applicable where the data being analyzed is not normally 
distributed. They are also called distribution-free test. Unlike parametric tests, non-parametric tests 
cannot give results that are erroneous. In most cases, non-parametric tests are usually used in situations 
that do not require normality assumptions (Simundic, 2018).

DISCUSSION

Implications of Statistical Tools in Project Management Environment 
to Engineering Managers and Project Managers
Effective and ineffective statistical tools are important in many fields of projects. At the same time, 
engineering managers and project managers widely rely on these tools to analyze robust data. Thus, 
both fields require a vast experience and use of data. Data cannot be just collected and used; it needs 
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a keen analysis to help in generating concrete solutions for the projected problems. Thus, engineering 
managers and project managers get involved in the use of statistical tools in a project management 
environment (Hox, Moerbeek, & Van de Schoot, 2017).

Organizational Implications
As seen in the research on the acquired skill and management strategies, these variables, their concepts, 
and models are effective tools for business projects and project management; they lead to team skills 
that can help to better fulfill company goals. Thus, technology is not as vital to business projects and 
project management. In the results, it is also illustrated that strategic planning is essential because 
a top-down and bottom-up leadership approach is important to project management, operations 
management, and process improvement. Also, these variables, concepts, and models are crucial to 
leadership styles and tools, as businesses require the proper skills to manage their project management 
and performance.

Leadership must have a focus on more aspects to a business than just the bottom line. This study 
reveals that a lack of leadership has led to issues in project management and operational performance. 
The bottom line approach only solves problems temporarily, but in the long run, leadership must 
manage multiple elements. For example, operations, project management, financials, performance, 
strategy, and human resources are all important to a business. By addressing the importance of these 
aspects to business, leadership can find greater success in the present and future.

Implications to the Engineering Managers
Statistics are very important tools in the world of engineering because engineers need to analyze 
data in their daily operations. An engineering manager is someone who organizes, directs and plans 
to engineer to ensure that company’s objectives are met for either design, improvement of products, 
development of products, and design by undertaking several responsibilities within an organization 
(Manly & Alberto, 2016). The field of statistics helps the engineering manager in the collection 
of data, presentation of data, and in the usage of data in helping an organization to make relevant 
decisions that affect it and in designing products and processes (Hox, Moerbeek, & Van de Schoot, 
2017). Most aspects of the practice of engineering involve the use of data, so it is important for an 
engineering manager to know statistics. To be specific, statistics can be of great help in the designation 
of new products, improvement of existing designs, and improvement of the process of production.

In this study, there are some implications. Firstly, the results evaluate the variables, concepts, 
models, and their relationship by taking a novel approach to fill a research void. Furthermore, this study 
evaluates how the variables affect each other and other factors. Secondly, projects and performances 
of organizations can use this study as an outline. Mentoring and managerial constructs can be created 
from learning about the relationship between these variables, so teams and businesses can identify their 
limitations in project and organizational performance. Lastly, this study offers guidance on creating 
better training constructs for project and organizational performance and effectiveness. Most of all, 
project teams, project leadership, and organizational leadership can be trained on measuring a team, 
project, or business’ performance against standard and industry-accepted models. Thus, performance 
and effectiveness will improve, as teams and leaders can discover how teams and projects affect 
performance and reliability.

Engineering Method and Statistical Thinking
The engineering method has several steps that help in solving problems and in generating concrete 
solutions to the problems. Below is a diagram (Figure 2) that shows the process followed by engineering 
managers, which is referred to as the engineering method.

From the above diagram, the engineering managers need to ensure that they state a problem, get 
facts about the problem, defend viewpoints about the problem, formulate opinions about the problem, 
and qualify recommendations (Manly & Alberto, 2016). Statistical tools help an engineering manager 
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in describing and understanding variability. Variability means that observations of the phenomenon 
do not yield the same outcomes or results. Statistical tools give engineering managers useful ways 
to assimilate variability in their processes of decision-making (Hox, Moerbeek, & Van de Schoot, 
2017). Statistics in engineering help engineering managers to have a framework in the description 
of variability and in learning potential sources of variability. Engineering managers first collect 
data, whereby the data is always a sample that is selected from the population. The three methods of 
collecting data in the engineering field are:

a) 	 Retrospective study, whereby historical data is used
b) 	 Observational study
c) 	 Designed experiment

The procedure of an effective data collection simplifies the analysis and leads to an understanding 
of the process that is being studied (Mertler & Reinhart, 2016).

Implications to the Project Managers
Project managers are also involved in the use of statistical tools in managing their projects. Project 
managers need to collect data and to analyze it as they work on their projects. The data helps the 
project managers in decision-making just as it helps the engineering managers. Many organizations 
are faced with risks that are unseen when they want to implement new systems, to sell new products, 
or to improve an already established product. Thus, the organizations require hiring project managers 
who are well-acquainted with using statistical tools (Ott & Longnecker, 2015). The project managers 
employ the tools that they deem fit for their projects, depending on the projects that they are 
undertaking. Also, the project managers need finances that will help in carrying out their operations, 
which force the use of statistical tools to analyze large sums of finances. Sometimes, the project may 
be about helping a country to settle a certain problem that affects it and its people. To conduct the 
project, they are duty-bound to collect data and to analyze it perfectly to ensure that they provide the 
required solutions and will help the country in making decisions. Statistical tools also connect the 
project managers to the facts about a certain problem, which make them more knowledgeable in their 
field of work. At the same time, project managers need to use statistical tools when determining the 
measures of central tendency.

Figure 2. The Engineering Method
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Applications of Effective and Ineffective Statistical Tools in Project 
Management Environment to Engineering Managers and Project Managers
Though these variables, their concepts, and models are vital to projects, engineers and technical 
professions can be just as important. An engineer was required to use technology and math for 
solving problems, but as of now, the engineer must use these tools to offer economically viable 
solutions. Thus, the variables, their concepts, and models also apply to engineering decisions, as it 
is important to make good decisions throughout the project lifecycle. Engineers must be aware of 
business management and maturity models to maximize on their technical knowledge for investors.

There are different management schools of thinking, as management concepts and engineering 
are scientifically based. Engineering relies on the scientific concept of “cause and effect,” which 
links management to engineering. Though research addresses the essential models for identifying 
project elements, this is only done from a business perspective. Thus, this study takes an engineering 
perspective and uses pure engineering filed techniques, such as budgeting, equipment, purchasing 
material, and more. Engineers and project managers can use many decision-making methods for 
engineering problems and for screening projects for viability.

With scholarly information on these variables, their concepts, and models, this study evaluates 
how they can affect project management and operational performance to find the best practices. 
The IE/EM profession and research field heavily relies on project management and operational 
performance, and lean thinking is not always the answer to problem-solving. As a result, these 
variables, their concepts, and models help to create different environments in the profession. With this 
study, industrial engineering and engineering management will also benefit because all organizations 
need to make new products to succeed. Additionally, stakeholders, such as system engineers, project 
managers, other experts in industrial engineering and engineering management, can find information 
on applying maturity to project management. This will encourage them to maximize on the system 
engineering and project management roles for success.

In the world of engineering, many departments employ the use of statistical analysis tools, 
specifically almost all operations in engineering depend on statistics. When measuring a physical 
quantity, many different values can be obtained from observations. From the measurements, the 
most probable value must be determined. Also, it must be discovered how an observation can vary 
from the most probable value. From there, the reason why it varies in the way it does can be learned. 
Statistics give engineers a way of ensuring that they measure this probable value together with ways 
of dividing the values (variables) into portions that they can allocate to different sources (Ott & 
Longnecker, 2015).

In chemical engineering, when large amounts of data are collected, the engineering managers 
believe that the data holds a lot of information about the company, but they cannot interpret it when 
it is raw. This brings about the need for the respective engineering managers to apply the use of 
statistical analysis tools to analyze and simplify the data. This data usually has many parameters that 
need to be estimated, which requires multiple regressions as the statistical analysis tool. Statistical 
analysis tools are also useful, as they help in determining the effect of each independent variable in 
a given study. The most common application of the statistical tools to the processing industries is 
the statistical techniques in quality control. The engineering managers also apply the statistical tools 
to come up with a graphical presentation on the rates of production. Graphs are easy to interpret, so 
the managers can easily make decisions by tracking the trend of production in the company over a 
given period.

Effective tools are useful to project managers, and statistics are important when it comes to the 
project planning stage. Handling the organization of both easy and difficult tasks requires a lot of 
determination, as businesses must generate new products and services regularly to penetrate new 
markets and increase sales (Modarres, 2016). Organizations must create better methods to increase 
production and to ensure that the cost of production is reduced. Also, they must generate ways of 
improving the process of delivering goods and services to the market. Project managers will help 
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the organization to achieve these goals by collecting data from daily activities with statistical tools 
to analyze the data, interpret the data, and then make decisions based on the conclusion drawn from 
the projects. It is clear that project managers use statistical tools to help them focus on the bigger 
picture of the organization and to see how the organization is going to improve by implementing some 
policies from the analyzed data (Velte & Stawinoga, 2017). Project managers use the statistical tools 
to ensure the organization avoids making blind decisions that have no base, and they apply effective 
statistical analysis tools in the risk management process.

In some instances, the project managers seek to analyze if a particular venture is worth taking 
the risk. If so, then they will advise the other stakeholders accordingly. A good example of such 
a risk is penetrating new markets, as they will use effective statistical analysis tools to discover if 
new markets will get more expenses than income or vice versa. Project managers may achieve this 
objective by finding out factors, such as the potential buyers in the new market, the purchasing power 
of those potential buyers, and the expense that the organization will incur by taking their products 
or services to the new markets (Velte & Stawinoga, 2017). Additionally, project managers use the 
statistical analysis tools to find out how the quality assurance programs of the organization will 
be improved. Effective statistical analysis tools provide methods of controlling and measuring the 
processes of production, reducing the level of waste, and ensuring that the production processes are 
consistent. Project managers also use effective statistical analysis tools to help them identify healthy 
relationships that will improve overall performance. Thus, analyzing the data will help in showing 
how different variables contribute to the performance of the organization.

Lessons Learned to the Engineering Manager and Project Manager
Both engineering managers and project managers learn several lessons from effective and ineffective 
statistical analysis tools in a project management environment. First of all, they have learned that there 
are several ways of handling big data. Big data needs maximum care when being handled because the 
loss of it can bring many damages (Zikmund, Babin, Carr, & Griffin, 2013). At the same time, they 
have learned how to select the most suitable tools, depending on the kinds of answers that they want 
to draw from specific situations. Additionally, they have learned that the tools could be erroneous 
and can give out false results, leading to making the wrong decisions. Tools are also helpful to make 
work easier by analyzing big data, which could cost time and could generate the wrong results.

CONCLUSION

Recommendations for Future Research
More advancement needs to be done on the effective and ineffective statistical analysis tools because 
the statistical analysis tools have proved to be somewhat erroneous. For example, parametric tools are 
well-known in giving results that are erroneous when one is not careful. Again, some of the analysis 
tools have very long methods that make it difficult to come up with an answer (Williams, 2018). 
The tools need some advancements and corrections to ensure that the process is not hard for them to 
conduct their analysis. It is important to note that before data analysis, one is first required to collect 
the data from the field. The process of collecting data is long and can be hectic (Zikmund et al., 2013). 
Thus, engineering managers and project managers need to know the best processes that will lead 
them to the right data. For example, the retrospective study is a process of data collection that uses 
the data that has been stored, which is sometimes distorted and unreliable in making right decisions. 
Standards should be set to ensure that the data stored is safe and secure, free from distortions, and 
reliable for future use.

In addition, the stored data has a long procedure before being accessed, so it is important to ensure 
that the data is accessible for engineering managers and project managers to access it easily. For 
researchers to ensure that the statistical analysis tools are effective, they should study the type of data 
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to know the most appropriate tool for analysis (Modarres, 2016). Also, the use of statistical tools can 
only be applied in a phenomenon that can be expressed in quantitative or numerical terms. Engineering 
managers and project managers can face challenges on which tools to use, so it is recommended that 
researchers come up with statistical tools for when quantization is not required. It is also important 
for researchers to ensure that they get access to the right information or knowledge about statistical 
tools, as researchers sometimes fail because they do not have enough information (Williams, 2018).

Future research can find how these variables, concepts, and models relate in industries and 
managerial settings to find their strengths and weaknesses. Also, future research can study them from 
various perspectives. For example, the organizational, strategic, or cultural point of views can be 
assessed. Thus, researchers can study how these variables, concepts, models, and their relationship 
are perceived and affected by culture, strategy, human resources, and operations.

Limitations of the Study
This study contained some research limitations. First of all, statistical tools do not study the nature 
of a problem that cannot be expressed in numerical terms, so these problems cannot be part of 
statistics. Secondly, there was not enough time to conduct the study sufficiently (Zikmund et al., 
2013). Statistical tools are scientific and require a lot of time, so time was one of the limitations of 
the study. Also, the final results of a statistical analysis are not always reliable, so some studies must 
be conducted before studying this topic. There were also problems in accessing the relevant books 
that would provide the information required for the study.

Personally, I encountered a limitation of biases, as I had heard that the researches about statistical 
tools are always complicated. As I began the research, I thought that the research would not be 
complete, so I would come to some points and believe the biases. I had worked on the biases before 
starting my research, and I ensured that I confirmed whatever I had heard from the relevant sources 
(Zikmund et al., 2013). I also failed to get some of the information that I needed for the research. 
There are several books that I expected to guide me on research about the descriptive analytics, but 
I did not even find the exact information.

Mainly, there was a small sample size that limited the information to key factors. Bias and validity 
problems can result from this limitation, as the findings and conclusions could be compromised. A 
larger sample size would have been preferable. Furthermore, the key factors and their relationship 
were studied from a project environment, which makes the conclusions and analysis exclusive to 
project environments. Thus, these results may not apply to supply chain management, operations 
management, strategic management, other industries, or managerial settings.

General Conclusion
Overall, statistical tools are helpful in a project management environment. Engineering managers 
work with project managers to complete their projects because of the application of statistical tools. 
The descriptive analytics need knowledge and experience because they sometimes give out erroneous 
results when not carefully calculated. Another issue is the data collection, as researchers collect data 
to analyze it and generate the right answers for making decisions. Data collection should be conducted 
in a manner that it will give the right results after the analysis. A mistake in data collection may lead 
to a wrong selection of the effective and ineffective tools, which may result in poor analysis and 
unhelpful decisions. Using statistical tools should generate results that will help in solving problems 
sufficiently. Research shows that the statistical tools have been developed over time, but they still 
need improvement to ease the analysis of big data. Still, researchers need to come up with statistical 
tools that can be used by all other researchers, including the researchers who are not good at math. 
It is also important to note that effective and ineffective analysis tools differ. When it comes to data 
analysis, the tools need to be selected according to how effective they are.
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