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Abstract 
Big Data Science projects fail at an alarming rate despite significant organiza-
tional investments, with 85% failing to progress beyond the experimental 
stage. While existing research has extensively examined technical aspects such 
as algorithm development and data engineering, there is limited empirical ev-
idence on institutional factors that influence project outcomes. The purpose 
of this quantitative, correlational study was to investigate how cultural differ-
ences, technological changes, and resource allocation predict success in Big 
Data Science projects. The research questions focus on understanding how 
technological changes, cultural differences, and resource allocation influence 
project success. Grounded in Attribution Theory and the CRISP-DM frame-
work, this study employed a correlational research design using validated sur-
vey instruments. The researchers collected data from 102 Big Data Science 
professionals via SurveyMonkey, assessing cultural differences, technological 
readiness, resource allocation, and project success. The analysis results showed 
that all three institutional factors significantly predict project success. These 
findings underscore the importance of organizational and institutional factors 
beyond technical capabilities in achieving project success, emphasizing the 
need for integrated management approaches that address resource, techno-
logical, and cultural dimensions. This research provides evidence-based rec-
ommendations for practitioners seeking to improve data science project out-
comes and maximize return on Big Data Science investments. 
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1. Introduction 

The success of Big Data Science projects is critical to the growth and development 
of organizations in the modern data-driven economy [1]-[4]. However, many Big 
Data Science projects fail to achieve their intended goals, often due to challenges 
such as unclear objectives, poor project management, and the complexity of data 
science workflows [2] [3]. Big Data Science projects aim to extract actionable in-
sights from vast datasets, improve decision-making processes, and drive innova-
tion. Despite their potential, research indicates that many Big Data Science pro-
jects fail to deliver value, resulting in wasted resources and missed opportunities 
[5] [6]. According to Darwish [7], approximately 85% of big data science pro-
jects fail to progress beyond the experimental stage. VentureBeat reported that 
87% of data science projects never finished production. This high failure rate 
indicates a significant gap between the promise of data science and its practical 
implementation [8]. Several factors contribute to the failure of big data projects, 
including technical challenges, business-related issues, and organizational ob-
stacles. These failures underscore the crucial need to comprehend the obstacles 
that impede the success of Big Data Science projects and to devise strategies to 
mitigate these risks.  

Despite technical expertise and sophisticated models, data science projects can 
still falter, underscoring the field’s diverse nature and the need for both technical 
and business knowledge for successful project delivery. Effective communication 
and collaboration among project stakeholders are crucial for the success of Big 
Data Science projects. Stakeholders must have a shared understanding of project 
goals, clear communication channels, and mechanisms to address conflicts and 
concerns promptly. Additionally, organizational culture plays a significant role in 
determining project outcomes. A culture that fosters innovation, collaboration, 
and adaptability can enhance the success of Big Data Science projects by encour-
aging open communication, continuous learning, and employee empowerment. 
Resource allocation is another critical factor in the success of Big Data Science 
projects. Adequate resources, including skilled personnel, computational infra-
structure, and funding, are essential to achieving project objectives. Effective re-
source management throughout the project lifecycle can significantly impact the 
efficiency and effectiveness of Big Data Science initiatives. Therefore, it is essential 
to consider the business domain when evaluating the success of data science pro-
jects [9].  

This study is necessary because it addresses a critical gap in understanding how 
external factors, including cultural differences, technological change, and re-
source allocation, affect the success of Big Data Science projects. While the tech-
nical aspects of these projects, including algorithm performance and data engi-
neering, have been extensively studied [10], there is limited empirical research on 
the broader organizational and external factors that influence project outcomes 
[11]. This study aims to provide actionable insights to enhance project manage-
ment practices, resource allocation, and stakeholder collaboration by investigat-
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ing these external factors. Understanding these dynamics is crucial for organiza-
tions to optimize the value of their data-driven initiatives and to mitigate the high 
failure rates associated with Big Data Science projects.  

1.1. Statement of the Problem 

Despite the increasing adoption of Big Data Science in organizations, the success 
rate of these projects remains alarmingly low. According to Darwish [7], 85% of 
data science projects fail to deliver value due to unclear objectives, poor project 
management, and a lack of stakeholder alignment. The complexity of data science 
workflows and the rapid pace of technological change exacerbate these challenges, 
increasing the risk of project failure [12].  

The problem addressed in this quantitative study is the lack of empirical evi-
dence regarding cultural differences, technological change, and resource alloca-
tion that influence the success of Big Data Science projects. While researchers have 
extensively studied technical aspects such as algorithm performance and data 
quality, there is limited research on the non-technical factors that contribute to 
project outcomes. The lack of research on the non-technical aspects of data sci-
ence projects has been identified as a significant obstacle to success in this field 
([7] [13]-[15]). The persistently high failure rate of Big Data Science projects un-
derscores the need for a deeper understanding of the factors that contribute to 
project success. Although previous studies have focused on technical aspects, re-
searchers have conducted limited investigations into the roles of cultural differ-
ences, technological change, and resource allocation in determining project out-
comes. This study seeks to address this gap by investigating the impact of these 
external factors on the success of Big Data Science projects.  

1.2. Purpose of the Study 

This quantitative study aims to examine the factors that influence the success of 
Big Data Science projects, focusing on cultural differences, technological changes, 
and resource allocation. This research aims to provide actionable insights for data 
science practitioners and organizations seeking to improve their project manage-
ment practices by identifying the key drivers of project success. Herath and Chong 
[16] stated that the ability to adhere to the original budget, timeline, and estab-
lished goals determines a project’s success. Internal and external elements play a 
role in the success or failure of a project. Project managers recognize that manag-
ing cost and schedule parameters alone is insufficient to prevent failures; they 
must also consider other factors [12].  

The findings of this study contribute to the growing body of knowledge on data 
science project management by providing empirical evidence on how these exter-
nal factors collectively influence project outcomes. This research also aims to en-
hance project success rates by identifying strategies to address cultural challenges, 
adapt to technological advancements, and optimize resource allocation. By ad-
dressing these factors, the study aims to bridge the gap between technical and or-
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ganizational considerations, ultimately enhancing the success of Big Data Science 
projects in dynamic and resource-intensive environments.  

1.3. Research Questions and Hypotheses 

The study aims to answer the following research questions:  
RQ1. How do technological changes influence the success of big data science 

projects?  
H10. There is no relationship between project success (PS) and technological 

changes (TC). 
H1a. There is a relationship between project success (PS) and technological 

changes (TC). 
RQ2. How do cultural differences influence the success of big data science pro-

jects?  
H20. There is no relationship between project success (PS) and cultural differ-

ences (CD). 
H2a. There is a relationship between project success (PS) and cultural differ-

ences (CD). 
RQ3. How does resource allocation influence the success of big data science 

projects? 
H30. There is no relationship between project success (PS) and resource alloca-

tion (RA). 
H3a. There is a relationship between project success (PS) and resource alloca-

tion (RA). 

2. Literature Review 

The success of Big Data projects depends on a complex interplay of organizational, 
technological, and human factors within research institutions and data-driven en-
terprises [17]. Researchers have indicated that big data projects continue to fail at 
an alarming rate, despite significant investments in technology infrastructure and 
human resources ([15] [18] [19]). Understanding these failure rates requires ex-
amining the institutional dynamics and cultural barriers that may prevent the suc-
cessful implementation of big data initiatives across organizations. In a recent 
study, Sajid et al. [20] found that the success of Big Data Science projects depends 
on various factors, including organizational culture, leadership support, technical 
infrastructure, data quality standards, team expertise, and resource allocation 
strategies. However, there is limited empirical research examining the relation-
ships between external institutional factors and project outcomes in big data sci-
ence initiatives across various organizational contexts ([13] [21]).  

2.1. Evolution of Big Data Science 

The evolution of Big Data Science has transformed from a simple data collection 
and analysis process to a complex, multidisciplinary field that integrates advanced 
analytics, machine learning, and distributed computing systems across organiza-
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tions [7]. This rapid evolution has led to the emergence of specialized roles, tools, 
and methodologies to address the increasingly complex data challenges faced by 
modern organizations. The term “Big Data” emerged in the early 2000s to describe 
datasets that exceed the capacity of traditional data processing tools and methods 
[22]. As the field of Big Data Science has grown, it has become increasingly im-
portant to understand the factors contributing to the success of Big Data projects 
within institutions. Since then, the field has grown to encompass advanced ma-
chine learning algorithms, cloud computing platforms, and real-time analytics 
([2] [23]). The introduction of frameworks such as Hadoop and Spark has revo-
lutionized data processing, enabling organizations to analyze large datasets effi-
ciently [24]. Today, Big Data Science is a multidisciplinary field that integrates 
computer science, statistics, and domain expertise to extract actionable insights 
from complex datasets [25]. A recent study by Mazumder [26] highlighted that 
significant organizations, including healthcare and financial institutions, have 
adopted Big Data Science to drive innovation, improve decision-making, and se-
cure a competitive advantage.  

2.2. Importance of Big Data Projects in Modern Institutions 

Big Data projects play a crucial role in modern institutions by enabling data-
driven decision-making, enhancing operational efficiency, and fostering innova-
tion [27]. Abdikhakimov [2] noted that these projects have transformed organi-
zational processes by offering advanced analytics capabilities, predictive model-
ing, and automated decision-support systems across various sectors of the indus-
try. For instance, healthcare organizations use Big Data analytics to predict patient 
outcomes and optimize resource allocation [26]. In manufacturing, Big Data and 
predictive analytics enhance cost and operational performance [28]. Similarly, ac-
ademic institutions can use Big Data to improve research, teaching, and adminis-
trative processes. Financial institutions also harness Big Data to detect fraud and 
assess credit risk, while other institutions analyze and predict climate change us-
ing Big Data [29]. A study by Darwish [7] suggests that the potential economic im-
pact of Big Data could reach $3 trillion by 2025, as organizations utilize advanced 
analytics to enhance decision-making capabilities and operational efficiency.  

Organizations that effectively leverage Big Data are significantly more likely to 
achieve competitive advantages and drive innovation across their operations com-
pared to traditional organizations [30]. These initiatives have also become vital 
for market research and customer behavior analysis, with organizations investing 
heavily in data analytics infrastructure, DevOps (development and operations), 
and MLOps (machine learning operations) to generate actionable business intel-
ligence [31]. However, the success of Big Data initiatives often depends on various 
organizational and institutional factors that can either facilitate or obstruct their 
implementation [20].  

2.3. Common Challenges in Big Data Science Projects 

Big Data Science projects encounter numerous challenges that can impede their 
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success. A significant challenge is the complexity of integrating diverse datasets 
from multiple sources, which often requires substantial preprocessing and neces-
sitates significant data cleaning [32]. Other challenges encompass data quality is-
sues, security concerns, limitations in technical infrastructure, and the demand 
for specialized talent with advanced analytical skills [33]. Additionally, the short-
age of skilled data scientists restricts organizations’ capacity to execute projects 
effectively. Furthermore, Jonathan and Raharjo [13] indicated that insufficient 
governance and management processes can hinder the success of Big Data Science 
initiatives. Organizational culture and resistance to change can also present sig-
nificant barriers [18]. Moreover, cultural differences within data science teams 
can create communication barriers and misaligned objectives [34]. Finally, the 
rapid pace of technological change necessitates continuous learning and adapta-
tion, which can strain organizational resources ([31] [35]).  

2.4. Volume and Variety of Data 

One of the main challenges in Big Data projects is managing the vast volume and 
variety of data. As organizations collect large amounts of information, the sheer 
volume becomes challenging to manage. For example, the Centre for Environ-
mental Data Analysis (CEDA) has developed strategies to manage extensive data 
volumes by organizing them into file sets, which facilitate planning and tracking 
of dataset storage [36]. The rapid growth in both the volume and variety of data 
generated from diverse sources, such as social media, sensors, and transaction sys-
tems, presents significant challenges for organizations in effectively managing and 
analyzing this data [22].  

2.5. Technological Integration 

The integration of diverse data sources, technologies, and applications poses a sig-
nificant challenge for Big Data Science projects [37]. These projects often involve 
heterogeneous data formats, legacy systems, and incompatible technologies, ne-
cessitating considerable effort to harmonize and integrate them effectively. This 
complexity is further exacerbated by the rapid pace of technological innovation 
and the proliferation of open-source tools, creating an ever-evolving landscape 
that teams must navigate [38]. As organizations adopt new technologies, they fre-
quently face issues such as incompatible data pipelines or tools that do not align 
with existing workflows, which compound the difficulty of ensuring seamless in-
tegration. Furthermore, integrating technologies that support iterative workflows 
and agile development processes is essential throughout the lifecycle of Big Data 
Science projects, from data collection to deployment. According to Oursatyev 
[39], projects face risks of inefficiencies, redundancy, or failure to achieve their 
objectives without a holistic approach to technological integration.  

2.6. Data Management and FAIR Principles 

In scientific research, effective management of large datasets is essential. The ne-
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cessity for data to be Findable, Accessible, Interoperable, and Reusable (FAIR), as 
outlined by Hey [40], introduces its own set of challenges. Ensuring that data is 
Findable requires the use of persistent identifiers and rich metadata, while Acces-
sibility necessitates open protocols and authentication mechanisms. Data Interop-
erability relies on formal, accessible, shared, and broadly applicable languages for 
knowledge representation, and Reusability demands detailed provenance, usage 
licenses, and compliance with community standards. Addressing these FAIR prin-
ciples is crucial for maximizing the value and impact of big scientific data [41].  

2.7. Interdisciplinary Collaboration 

Successful Big Data Science projects often require collaboration among individu-
als with varied backgrounds, including domain experts, data scientists, and infor-
mation technology specialists [14]. Nevertheless, coordinating these interdiscipli-
nary teams and aligning their goals can pose challenges. The complexity of Big 
Data projects often demands cooperation across multiple disciplines. Prakash [27] 
emphasized the importance of interdisciplinary research programs in tackling the 
challenges inherent in data-intensive studies, noting that nurturing such collabo-
ration can be difficult due to the differing methodologies and terminologies across 
fields.  

2.8. Factors Impacting Big Data Science Project Success 

The success of big data science projects is crucial for harnessing the immense po-
tential of vast datasets to drive innovation, uncover hidden insights, and propel 
organizations toward their strategic goals. Factors such as data volume, velocity, 
and variety pose significant challenges to the effective management and analysis 
of big data [27]. Additionally, the need for data accessibility and integration, as 
well as addressing regulatory concerns regarding data ownership and privacy, fur-
ther complicates the landscape [42]. Existing literature highlights several key in-
ternal factors that can impact the success of Big Data Science projects. Chang [43] 
identified management support, commitment to significant data initiatives, and 
government support and policy as influential factors in organizations’ adoption 
of big data. However, studies have comprehensively examined the numerous ex-
ternal factors that can contribute to or hinder the success of Big Data Science pro-
jects [13]. Beyond the technical hurdles, Big Data Science endeavors must navigate 
and examine external factors that may affect project outcomes, including cultural 
differences, technological change, and resource allocation [32]. Overall, the suc-
cessful implementation of big data science projects requires a holistic approach 
that addresses both internal and external factors.  

2.8.1. Cultural Differences 
Cultural diversity presents both opportunities and challenges in Big Data Science 
projects. Teams composed of members from diverse cultural backgrounds can 
foster innovation and offer unique perspectives in problem-solving. However, cul-
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tural differences may lead to communication challenges and differing expecta-
tions, particularly in multinational or diverse teams ([44] [45]). Effectively man-
aging these cultural differences is crucial for enhancing collaboration and ensur-
ing project success. Attribution Theory illustrates how cultural backgrounds can 
influence team members’ perceptions of project outcomes, thereby shaping their 
behaviors and decisions [46]. The research underscores the importance of inclu-
sive leadership, cross-cultural training, and clear communication in overcoming 
these challenges ([14] [47]-[49]). This section examines the role of cultural diver-
sity in Big Data Science projects, the challenges it presents, and practical strategies 
for managing these differences.  

2.8.2. The Role of Cultural Diversity in Big Data Science Teams 
Cultural diversity within Big Data Science teams can be both an asset and a chal-
lenge. Diverse teams bring unique perspectives, problem-solving approaches, and 
innovative ideas, which can enhance the quality of project outcomes [50]. How-
ever, cultural differences can also result in communication barriers, conflicting 
priorities, and misaligned expectations if not managed effectively [44]. For in-
stance, Panda [14] found that cultural misalignment was a significant factor in the 
failure of several multinational Big Data projects. In another study, Hsu [51] un-
derscored the importance of researchers being cognizant of and respectful toward 
differing perspectives on the value of Big Data approaches, as trust is crucial for 
fostering successful collaborations.  

Furthermore, cultural diversity in Big Data Science teams encompasses varying 
perceptions and attitudes toward data privacy and ethics. According to Schoent-
gen and Wilkinson [52], researchers from different cultural backgrounds may 
hold divergent views on the appropriate use and protection of sensitive data. This 
variation can pose challenges in establishing consistent data governance policies 
and procedures across the team. Differences in work styles, decision-making pro-
cesses, and attitudes toward risk often exacerbate these challenges. Yao [53] noted 
that leaders must foster an inclusive environment that values diverse viewpoints 
and provides mechanisms for effective collaboration. According to the Data and 
Analytics Leadership Executive Survey conducted by New Vantage Partners, 
79.8% of chief data officers (CDOs) reported cultural issues as their primary chal-
lenge in establishing a data-driven organization [54]. Success in Big Data Science 
projects often depends on team members’ ability to bridge cultural divides and 
work cohesively toward common goals [45].  

2.8.3. Managing Cultural Differences in Big Data Science Projects 
Effective management of cultural differences promotes collaboration and ensures 
project success [47]. A study by Burrows [55] found that clear communication, a 
shared understanding of objectives, and trust-building were critical success fac-
tors in multinational information systems projects. Strategies such as cross-cul-
tural training, inclusive leadership, and the use of collaborative tools can help mit-
igate the adverse effects of cultural diversity [56].  
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Grander [57] asserts that leaders overseeing Big Data Science projects must 
consider the cultural context surrounding data collection and interpretation. They 
highlight that the multicultural nature of Big Data can introduce biases that, if not 
adequately addressed, may distort the validity of analytical results. Research by 
Wang and Goh [58] emphasizes the importance of open communication. Addi-
tionally, attribution theory provides a valuable framework for understanding how 
cultural backgrounds influence team members’ perceptions of project outcomes, 
thereby enabling managers to proactively address potential conflicts ([46] [59]).  

3. Methodology 

This study employs a quantitative methodology with a correlational research de-
sign to investigate whether institutional factors, including cultural differences, 
technological changes, and resource allocation, significantly influence the success 
of Big Data Science projects. A correlational approach determines whether changes 
in these independent variables are statistically associated with changes in project 
success outcomes ([60] [61]). The study employs convenience sampling to recruit 
participants and gathers data through an online survey targeting data scientists 
and Big Data Science project managers. The researchers will analyze the data us-
ing statistical techniques to evaluate the relationships among the variables of in-
terest.  

3.1. Data Collection 

The study relies on primary data, collected through an online survey administered 
via SurveyMonkey. Participants completed structured, closed-ended questions us-
ing validated instruments. The target population comprises data scientists and Big 
Data project managers with experience in Big Data Science projects. The data were 
self-reported, with no reliance on institutional archives or secondary online 
sources. The researchers recruited participants through professional networks, 
such as LinkedIn, particularly in the Big Data Science open groups, to ensure rel-
evance and accessibility. Each participant had at least one year of experience in 
data science project environments, thereby enhancing the contextual accuracy of 
the data.  

3.2. Scope 

The survey targeted professionals in the United States, with particular focus on 
those in New York State. The expected age range for participants was 25 to 60 
years, corresponding to mid- to senior-level professionals. To ensure the reliabil-
ity of the statistical analysis, the study recruited at least 100 participants. A power 
analysis conducted using G*Power 3.1 software determined that for a multiple 
linear regression with three predictors and an anticipated medium effect size (f2 = 
0.15), a sample of 77 participants is required to achieve a statistical power of 0.80 
at α = 0.05 ([62] [63]). The targeted sample size exceeds this threshold, allowing 
for incomplete responses and improving generalizability.  
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This design enables the study to 1) assess the strength and direction of relation-
ships between independent and dependent variables, 2) identify which institu-
tional factors most significantly predict project success, and 3) generate actionable 
insights for practitioners. The use of a non-experimental, correlational methodol-
ogy is justified by its empirical alignment with recent research in data science, 
project management, and organizational behavior. Mixed-methods or qualitative 
approaches were deemed less suitable given the study’s focus on statistically meas-
urable associations across a larger population ([15] [61]).  

3.3. Research Questions and Hypotheses 

The purpose of this study is to investigate the relationship between institutional 
factors, including cultural differences, technological advancements, and resource 
allocation, and the success of Big Data Science projects. In alignment with the 
problem statement and purpose outlined in Chapter 1, the following research 
questions and hypotheses guide this quantitative, correlational investigation:  

Research Question 1 (RQ1). How do technological changes influence the suc-
cess of big data science projects?  

H10. There is no relationship between project success (PS) and technological 
changes (TC).  

H1a. There is a relationship between project success (PS) and technological 
changes (TC).  

Research Question 2 (RQ2). How do cultural differences influence the success 
of big data science projects?  

H20. There is no relationship between project success (PS) and cultural differ-
ences (CD).  

H2a. There is a relationship between project success (PS) and cultural differ-
ences (CD).  

Research Question 3 (RQ3). How does resource allocation influence the success 
of big data science projects?  

H30. There is no relationship between project success (PS) and resource alloca-
tion (RA).  

H3a. There is a relationship between project success (PS) and resource alloca-
tion (RA).  

3.4. Population and Sample 
3.4.1. Population 
This study examines professionals who have worked on Big Data Science projects 
in the technology sector, including data scientists and data analysts. Empirical re-
search suggests that these professionals play a crucial role in designing, executing, 
and evaluating data science initiatives, positioning them well to assess the institu-
tional factors that influence project success [64]. Big Data Science projects are in-
herently interdisciplinary, requiring the integration of technical, managerial, and 
strategic perspectives. Prior studies have found that data science professionals 
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routinely engage with issues such as cultural dynamics, technological adaptation, 
and resource management, which are critical determinants of project success ([14] 
[21]). Moreover, [15] reported that data scientists and analysts are among the 
most influential roles in cross-functional data science teams, frequently interact-
ing with business leaders, developers, and stakeholders to align technical goals 
with organizational outcomes. These roles are also most affected by institutional 
barriers, including poor resource allocation, cultural misalignment, and a lack of 
technological readiness [42]. For these reasons, targeting this population ensures 
that the study captures informed, experience-based insights into how institutional 
factors affect the outcomes of Big Data Science projects.  

3.4.2. Sample Size and Power Analysis 
For this study, the researchers included 100 participants. To determine the mini-
mum sample size needed to detect a medium effect size (f2 = 0.15) with 80% sta-
tistical power and a 5% significance level (α), the researchers used G*Power 3.1 
for a multiple linear regression model with three predictors: cultural differences, 
technological changes, and resource allocation [62]. Following guidelines from 
Murayama [63] and Arkes [65], the minimum required sample size is 77 partici-
pants. However, the researchers slightly oversampled to account for any incom-
plete or invalid responses.  

3.4.3. Sampling Method 
For this study, the researchers used a non-probability, convenience sampling ap-
proach to recruit participants. This method is suitable for exploratory, cross-sec-
tional surveys and allows for efficient access to a relevant population without re-
quiring randomization ([66] [67]). The researchers recruited participants through 
professional social media platforms, such as LinkedIn. Recruitment materials out-
lined the study’s purpose and eligibility criteria and provided a link to an anony-
mous online survey on SurveyMonkey. Participants participated voluntarily and 
anonymously, and the researchers did not collect any data until the Institutional 
Review Board (IRB) approved the study. Following IRB guidelines, participants 
received an informed consent form explaining the study’s scope, data protection 
measures, and their right to withdraw at any time without penalty.  

3.5. Instrumentation 

For this study, the researcher used a structured survey with multiple validated 
scales to measure key variables, including project success, cultural differences, 
technological changes, and resource allocation. The researcher distributed the 
complete survey via SurveyMonkey.com®, a secure online platform that supports 
anonymous participation and efficient data collection. This platform enables re-
searchers to design content and analyze results objectively [68]. The researcher 
compiled all instruments into a single questionnaire and included it in the appen-
dix. If any instruments were not publicly accessible, he obtained permission to use 
them.  
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3.5.1. Project Success 
To measure project success, the researcher used a modified version of the multi-
dimensional project success scale developed by Shenhar [69] as the dependent 
variable. This scale encompasses key performance indicators, including schedule 
adherence, budget compliance, technical performance, and stakeholder satisfac-
tion. Respondents rated items on a 5-point Likert scale, ranging from 1 (strongly 
disagree) to 5 (strongly agree). This scale is commonly used in Data Science and 
project management research and is well-suited to Big Data Science projects ([70] 
[71]).  

3.5.2. Cultural Differences 
To assess cultural differences, the researcher utilized the Cultural Intelligence 
Scale (CQS), developed by Ang [9]. The CQS evaluates four main components of 
cultural intelligence in cross-cultural interactions: metacognitive, cognitive, mo-
tivational, and behavioral. This 20-item tool was included in the SurveyMonkey 
questionnaire and scored on a 5-point Likert scale. Previous research has validated 
the instrument’s reliability and validity in international work environments ([72] 
[73]).  

3.5.3. Technological Changes 
To evaluate technological changes, the researcher used a revised version of the 
Technology Readiness Index 2.0 (TRI 2.0), developed by Parasuraman and Colby 
[74]. This 16-item scale measures individual attitudes toward technology adop-
tion across four dimensions: Optimism, Innovativeness, Discomfort, and Insecu-
rity. The researcher administered the scale through SurveyMonkey.com®, using a 
5-point Likert response format. Günaltay [75] noted that TRI 2.0 demonstrates 
strong psychometric performance across different populations. The researcher se-
lected this scale because it aligns with the research questions, demonstrates valid-
ity and reliability, and is suitable for an online survey format.  

3.5.4. Resource Allocation 
The researcher evaluated resource allocation using the Information Systems Re-
source Allocation Survey (ISRAS), a survey-based instrument grounded in estab-
lished information systems and project management frameworks ([76] [77]). The 
ISRAS assesses the availability, equitable distribution, and alignment of key re-
sources, including human capital, technology infrastructure, budget support, and 
executive sponsorship, with project objectives. Designed to be customizable for 
specific project needs, the ISRAS is well-suited to Big Data Science initiatives that 
often require flexible, scalable resource deployment across various parts of an or-
ganization [78]. The researcher administered the ISRAS via SurveyMonkey.com®, 
enabling participants to complete the survey anonymously and electronically. The 
ISRAS consists of approximately 15 items, each rated on a 5-point Likert scale 
from 1 (strongly disagree) to 5 (strongly agree). Research indicates that the ISRAS 
is reliable and valid in IT Data Science project environments. Its adaptability has 
also been confirmed through studies exploring the impact of resources on agile, 
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hybrid, and analytics-driven projects ([79] [80]).  

3.6. Variable/Construct 
3.6.1. Project Success 
Project success is the dependent variable in this study. The researcher measured 
it using a modified version of the Project Success Scale, developed by Shenhar 
[69]. This scale has been widely used in research on IT and data science projects. 
It assesses four dimensions of success: meeting time and budget goals, achieving 
technical performance, stakeholder satisfaction, and long-term business impact. 
Participants responded to 12 questions on a 5-point Likert scale, from 1 (strongly 
disagree) to 5 (strongly agree). Prior studies documented the scale’s reliability, Ali 
[6]. Furthermore, Mangla [71] demonstrated the construct validity of this model 
in evaluating large-scale public sector IT projects. Its multidimensional nature 
makes it well-suited to assessing the outcomes of Big Data Science projects. The 
instrument is included in the appendix, and the researcher administered it via 
SurveyMonkey.com®.  

3.6.2. Cultural Differences 
Using the Cultural Intelligence Scale (CQS) developed by Ang [9], the researcher 
evaluated cultural differences. The CQS measures how effectively individuals can 
operate in diverse cultural environments. It includes 20 items assessing four di-
mensions of cultural intelligence: metacognitive, cognitive, motivational, and be-
havioral. Each item is rated on a 5-point scale, with higher scores indicating 
greater cultural intelligence. The CQS is widely used in cross-cultural research and 
has proven to be reliable [72]. Recent studies support the validity of this tool, 
demonstrating its ability to predict leadership effectiveness and cross-border team 
performance ([81] [82]). This tool is suitable for this study because Big Data Sci-
ence projects often involve global teams, where cultural awareness plays a crucial 
role in collaboration and decision-making [38]. The researcher administered the 
instrument via SurveyMonkey.com® and included it in the appendix.  

3.6.3. Technological Changes 
The researcher assessed technological change using a modified version of the 
Technology Readiness Index 2.0 (TRI 2.0), developed by Parasuraman and Colby 
[74]. The TRI 2.0 includes 16 items across four subscales: optimism, innovative-
ness, discomfort, and insecurity. Participants rated their agreement with each item 
on a 5-point Likert scale. Higher scores in optimism and innovativeness, along 
with lower scores in discomfort and insecurity, indicate greater readiness for 
technological adoption. The TRI 2.0 has been commonly used in research on or-
ganizational technology adoption and digital transformation [75]. Parasuraman 
and Colby [74] validated the scale by demonstrating its significant correlation 
with actual adoption behavior and perceived ease of use. Since the organization’s 
technological landscape influences Big Data Science projects, TRI 2.0 offers a re-
liable and valid method for assessing participants’ views on the pace and impact 
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of technological change [83]. The researcher administered this tool via Survey-
Monkey.com®, and it is included in the appendix.  

3.6.4. Resource Allocation 
To evaluate resource allocation, the researcher used the Information Systems Re-
source Allocation Survey (ISRAS), an adapted instrument based on the DeLone 
and McLean [77] model. The ISRAS has 15 items that measure access to key or-
ganizational resources, including staff, infrastructure, funding, and executive 
sponsorship. Participants rated each item on a 5-point Likert scale, and the aver-
age scores reflect their perceptions of adequacy and fairness in resource distribu-
tion. Researchers have adapted this tool to suit Big Data Science environments, 
where projects often require support from multiple departments and have chang-
ing resource requirements [78]. Previous studies have shown the tool’s reliability 
[79]. The ISRAS draws on the Technology-Organization-Environment (TOE) 
framework and the IS success model, which strengthen its construct validity. This 
instrument is well-suited to addressing RQ3, which examines whether institu-
tional support mechanisms, such as resource planning, influence project success. 
The researcher distributed the survey via SurveyMonkey.com®, and it is included 
in the appendix.  

4. Results 

The purpose of this quantitative, correlational study was to investigate the rela-
tionship between institutional factors, specifically cultural differences, technolog-
ical changes, and resource allocation, and the success of Big Data Science projects. 
Despite the critical role of data science in the modern economy, high failure rates 
persist due to complex organizational and external barriers ([12] [15]). While re-
searchers have extensively studied the technical aspects of Big Data Science, such 
as algorithm development and data engineering, limited empirical evidence exists 
regarding how institutional factors collectively influence project outcomes [13]. 
This study addressed this gap by examining three specific research questions: 1) 
How do technological changes influence the success of Big Data Science projects? 
2) How do cultural differences influence the success of Big Data Science projects? 
Moreover, 3) How does resource allocation influence the success of Big Data Sci-
ence projects?  

4.1. Data Preparation and Screening 

After collecting the data, the researchers systematically prepared it to guarantee 
its integrity and appropriateness for analysis. Once the survey was closed, the re-
searchers downloaded the raw data from SurveyMonkey in SPSS format and im-
ported it into IBM SPSS Statistics Version 29.0. The initial dataset included 103 
responses.  

4.1.1. Data Cleaning and Case Exclusion 
The researchers examined all cases to verify completeness and data integrity. In-
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complete survey responses led the researchers to exclude one participant, result-
ing in a final sample of 102. This number exceeds the minimum of 77 participants 
needed, as determined by an a priori power analysis. In no other cases were miss-
ing data or response issues present that required exclusion.  

4.1.2. Variable Coding and Scoring 
The researchers numerically coded all demographic variables for analysis; refer to 
Appendix C for the complete codebook. Likert-scale items ranged from 1 (Strongly 
Disagree) to 5 (Strongly Agree). The researchers calculated composite scores for 
each scale by averaging the responses: Cultural Differences (4 items), Technology 
Readiness and Change (4 items), Resource Allocation (3 items), and Project Suc-
cess (3 items).  

4.1.3. Data Screening and Assumptions Testing 
The researchers examined the data for outliers, normality, linearity, homoscedas-
ticity, and multicollinearity. Boxplots and z-scores revealed no extreme outliers 
(z > ±3.29). Skewness values ranged from −0.65 to −0.22, and kurtosis values 
ranged from −0.48 to 0.82, indicating acceptable normality [84]. Visual inspection 
of Q-Q plots and scatterplots confirmed that the assumptions of normality and 
linearity were satisfied. Variance Inflation Factor (VIF) values ranged from 1.12 
to 1.58, well below the threshold of 10, indicating no multicollinearity concerns. 
Residual plots showed no evidence of heteroscedasticity. All assumptions for mul-
tiple linear regression were adequately satisfied. Consequently, the data analysis 
continued as outlined in Chapter 3 without any need to alter the research design 
or statistical methods.  

4.2. Population and Sample 

Following the pilot study, the researchers conducted the primary data collection 
phase using an online survey distributed through LinkedIn Big Data Science open 
groups. A total of 103 individuals initiated the survey; however, the researchers 
excluded one participant from the final analysis because the participant did not 
complete the questionnaire. This resulted in a final sample of N = 102 participants, 
which exceeded the minimum required sample size of 77 participants determined 
a priori via a power analysis using G*Power 3.1 (α = 0.05, power = 0.80, medium 
effect size, f2 = 0.15) for multiple linear regression with three predictors.  

The achieved sample size of 102 participants provides adequate statistical power 
to detect medium effect sizes and reduces the likelihood of Type II errors, thereby 
supporting the validity and reliability of the statistical inferences made in this 
study. All participants met the inclusion criteria: they were at least 18 years old, 
had at least 1 year of professional experience working on Big Data Science projects 
in team-based or cross-functional environments, were fluent in English, and pro-
vided informed consent.  

4.2.1. Sample Characteristics and Demographics 
The demographic profile of the study participants offers key insights into the char-
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acteristics and backgrounds of Big Data Science professionals. This section ana-
lyzes the sample across four dimensions: age, gender, experience with Big Data 
Science projects, and organizational size. Understanding these demographics is 
crucial for assessing the sample’s representativeness and the applicability of the 
findings to the broader population.  

The researcher collected demographic data through self-report survey ques-
tions on SurveyMonkey at the start of the survey. The researcher asked partici-
pants to indicate their age range, gender identity, years of experience with the Big 
Data Science project, and organization size. The researcher selected these varia-
bles for their relevance to the research questions and their potential influence on 
perceptions of cultural differences, technological changes, resource allocation, 
and project success. Previous studies show that factors such as career stage, gender 
diversity, experience, and organizational context can significantly impact data sci-
ence project outcomes ([15] [21]). Table 1 provides a comprehensive summary of 
the demographic characteristics of the 102 participants, including frequencies and 
percentages for each category.  

 
Table 1. Demographic characteristics of the participants. 

  N % 

Age range 

22 - 31 years 33 32.40 

32 - 41 years 35 34.30 

42 - 51 years 24 23.50 

52 - 61 years 7 6.90 

62+ years 2 2.00 

Missing/No Response 1 0.90 

Gender 

Male 59 57.80 

Female 39 38.20 

Prefer not to answer 2 2.00 

Missing/No Response 2 2.00 

Years of experience working on 
Big Data Science projects 

1 - 5 years 73 71.60 

6 - 10 years 16 15.70 

11 - 15 years 6 5.90 

16 - 20 years 5 4.90 

21+ years 2 2.00 

Approximate size of your 
organization (all employees) 

1 - 50 26 25.50 

51 - 500 28 27.50 

501 - 5000 24 23.50 

5001+ 24 23.50 

 
Not all participants responded to every demographic question. One participant 

(1.0%) did not provide age data, and two participants (2.0%) did not provide gen-
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der data. These missing responses are minimal and do not affect the study’s valid-
ity, as all 102 participants completed the primary instruments assessing cultural 
differences, technological change, resource allocation, and project success.  

1) Age Distribution 
The sample’s age distribution indicates a predominantly early- to mid-career 

group engaged in Big Data Science projects, as depicted in Figure 1. The largest 
group consisted of individuals aged 32 - 41 years (n = 35, 34.3%), followed by 
those aged 22 - 31 years (n = 33, 32.4%). Together, these two groups accounted 
for approximately 66.7% of the total sample, underscoring the field’s youthful, 
evolving nature. Participants aged 42 - 51 comprised 23.5% of the sample (n = 24), 
reflecting mid-career professionals with broader organizational and project expe-
rience. Fewer individuals were in older groups: 6.9% aged 52 - 61 (n = 7) and 2.0% 
aged 62+ (n = 2). One participant (0.9%) did not provide age information. This 
aligns with industry trends, as Big Data Science is a recent, rapidly evolving field 
that mainly attracts younger professionals trained in modern data analytics, ma-
chine learning, and computational techniques.  

 

 
Figure 1. Age distribution of big data science professionals. 

 
2) Gender Composition 
The sample was primarily male, with 57.8% (n = 59) identifying as male and 

38.2% (n = 39) as female, as shown in Figure 2. A small fraction (2.0%, n = 2) 
chose not to share their gender. Additionally, two participants (2.0%) did not pro-
vide gender information. This gender breakdown reflects broader trends in the 
technology and Data Science fields, which have historically been male-dominated, 
although initiatives to enhance diversity and inclusion in STEM are ongoing [38]. 

3) Professional Experience with Big Data Science Projects  
The sample displayed varied professional experience with Big Data Science pro-

jects, with most participants still in the early stages of their careers in this field, as 
shown in Figure 3. The largest group, comprising 71.6% of the sample (n = 73), 
reported having 1 - 5 years of experience in Big Data Science. This dominance of 
early-career professionals emphasizes the relatively recent emergence of Big Data 
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Science as a specialized field and the rapid growth of data-driven roles in organi-
zations over the past decade.  

 

 
Figure 2. Gender distribution of big data science professionals.  
 
Participants with 6 - 10 years of experience made up 15.7% of the sample (n = 

16), while those with 11 - 15 years accounted for 5.9% (n = 6). A smaller group 
reported 16 - 20 years (4.9%, n = 5), and only 2.0% (n = 2) had 21 or more years 
of experience in Big Data Science projects. Although most participants were early-
career professionals, all met the minimum requirement of at least one year of 
team-based Big Data Science project experience. This ensured they had sufficient 
familiarity with factors such as cultural differences, technological changes, and 
resource allocation, enabling them to offer informed perspectives on project suc-
cess outcomes.  

 

 
Figure 3. Distribution of professional experience with big data science projects.  
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4) Organizational Size and Context 
Participants represented a diverse range of organizational sizes, reflecting the 

widespread adoption of Big Data Science initiatives across small, medium, and 
large enterprises, as shown in Figure 4. The largest group of participants worked 
in medium-sized organizations with 51 - 500 employees (27.5%, n = 28). About a 
quarter of the sample worked in small organizations with 1 - 50 employees (25.5%, 
n = 26), indicating that even smaller firms are investing in Big Data Science capa-
bilities to stay competitive and data-driven.  

The sample also featured a significant number of large enterprises. Participants 
from organizations with 501 - 5000 employees and those with over 5000 employ-
ees each accounted for 23.5% (n = 24) of the sample. This balanced distribution 
across various organization sizes enhances the external validity and relevance of 
the findings, as it represents the experiences of data science professionals from 
diverse institutional settings, resource levels, organizational structures, and pro-
ject scales.  

 

 
Figure 4. Distribution of participants across organizational sizes.  

4.2.2. Comparison with a Priori Sample Size  
As discussed in Chapter 3, a priori power analysis conducted with G*Power 3.1 
indicated that at least 77 participants were needed to detect a medium effect size 
(f2 = 0.15) with 80% power at α = 0.05 for multiple linear regression with three 
predictors [62] [63]. The final sample included 102 participants, surpassing the 
minimum by 32.5%, thereby increasing statistical power and reducing the risk of 
a Type II error. Since the actual sample size exceeded the initially calculated min-
imum, the researcher did not need to change the research design or statistical 
methods, nor acknowledge additional limitations. The larger sample size en-
hances the accuracy of parameter estimates and broadens the relevance of the re-
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sults to the broader population of Big Data Science professionals.  

4.3. Descriptive Statistics 

Before conducting hypothesis tests, the researcher calculated descriptive statistics 
for the four main scale variables: Cultural Differences, Technology Readiness and 
Change, Resource Allocation, and Project Success. These statistics offer an initial 
overview of the response central tendency, variability, and range, as summarized 
in Table 2.  
 
Table 2. Statistical measurement of the study parameters.  

Scale Mean Median SD Minimum 

Cultural Differences 4.0539 4 0.58406 1.75 

Technology Readiness and Change 3.8775 4 0.63397 1 

Resource Allocation 3.6569 4 0.80182 1 

Project Success 3.9085 4 0.59915 2 

4.3.1. Measures of Central Tendency 
The mean scores for the four scales ranged from 3.66 (Resource Allocation) to 
4.05 (Cultural Differences), indicating generally positive ratings across all con-
structs, as shown in Figure 5. The median score for each was 4.0, suggesting most 
participants agreed on cultural awareness, technological readiness, resource ade-
quacy, and project success. Cultural Differences scored highest (M = 4.05, SD = 
0.58), indicating that participants viewed their Big Data Science teams as highly 
culturally aware and adaptable, reflecting efforts to foster inclusive environ-
ments.  

 

 
Figure 5. Mean scores for the four study variables.  
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Technology Readiness and Change had a mean of 3.88 (SD = 0.63), indicating 
moderate to high perceptions of technological preparedness; however, responses 
varied, highlighting some challenges in adapting to rapid technological changes. 
Resource Allocation scored lowest (M = 3.66, SD = 0.80), with variability suggest-
ing uneven resource distribution across organizations, underscoring the need for 
strategic planning. Project Success averaged 3.91 (SD = 0.60), reflecting positive 
perceptions of recent project outcomes regarding schedule, stakeholder satisfac-
tion, and goal achievement. 

4.3.2. Variability and Range  
Standard deviations ranged from 0.58 (Cultural Differences) to 0.80 (Resource 
Allocation), indicating moderate variability in participant responses (see Figure 
Descriptive Statistics). The higher standard deviation for Resource Allocation sug-
gests that perceptions of resource adequacy vary more widely across organizations 
and projects than perceptions of cultural awareness and technological readiness.  

The minimum and maximum values for each scale ranged from 1 to 5, aligning 
with the 5-point Likert scale used in the survey. Notably, the Cultural Differences 
scale had a minimum value of 1.75, which is higher than that of the other con-
structs. This indicates that even participants with the lowest scores demonstrated 
some degree of cultural awareness in their project environments.  

4.4. Reliability Analysis 

To evaluate the internal consistency and reliability of the multi-item scales in this 
study, the researcher calculated Cronbach’s alpha coefficients for four constructs: 
Cultural Factors, Technology Readiness and Change, Resource Allocation, and 
Project Success. Cronbach’s alpha is a standard measure of scale reliability, with 
acceptable values being 0.70 or higher for social science research [85].  

Table 3 shows the results of the reliability analysis. All four scales demonstrated 
acceptable to high internal consistency, suggesting that the measurement tools ef-
fectively captured the intended constructs in the study sample. Resource Alloca-
tion had the highest reliability (α = 0.830), indicating strong internal consistency 
among the three items measuring perceived adequacy of skilled staff, technical 
infrastructure, and project budgets. Technology Readiness and Change (α = 
0.763) and Project Success (α = 0.754) both showed good reliability, with coeffi-
cient values comfortably above the acceptable threshold. Cultural Factors (α = 
0.719) also exhibited acceptable reliability, confirming that the four scales consist-
ently measured a single underlying construct.  

These reliability coefficients confirm the study’s internal validity and provide 
confidence that the scales were suitable for future hypothesis testing and regres-
sion analyses.  

4.5. Data Collection 

After obtaining IRB approval and completing the pilot study, the researcher col-
lected the data via SurveyMonkey, distributed through LinkedIn’s Big Data Sci-
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ence professionals’ groups. Data collection took place over six weeks, during 
which 103 participants began the survey. Following data screening and cleaning, 
the researcher removed one incomplete response, yielding a final sample of N = 
102 participants. This number exceeds the minimum required 77 participants 
based on a prior power analysis, ensuring sufficient statistical power (0.80) to 
identify medium effect sizes (f2 = 0.15) at α = 0.05 for multiple linear regression 
with three predictors [86].  

 
Table 3. Statistical measurement of the study parameters.  

Scale Cronbach’s Alpha N of Items 

Cultural Factors 0.719 4 

Technology Readiness and Change 0.763 4 

Resource Allocation 0.83 3 

Project Success 0.754 3 

4.6. Results of Research Question One 

Research Question 1 (RQ1). How do technological changes influence the success 
of Big Data Science projects? 

Null Hypothesis (H10). There is no relationship between project success (PS) 
and technological changes (TC). 

Alternative Hypothesis (H1a). There is a relationship between project success 
(PS) and technological changes (TC). 

To address Research Question 1, the researcher conducted a Pearson correla-
tion analysis, followed by a linear regression, to examine the relationship between 
Technological Changes (independent variable) and Project Success (dependent 
variable). The researcher analyzed data from all 102 participants. 

Pearson’s correlation coefficient indicated a statistically significant positive re-
lationship between Technology Readiness and Change and Project Success. As 
shown in Table 4, there is a significant positive correlation (r = 0.392, p < 0.001), 
suggesting a moderate positive relationship between technological change and 
project success.  

 
Table 4. Correlation analysis of project success and technological change.  

 r p N 

Project Success * Technology Readiness and Change 0.392** <0.001 102 

**Correlation is significant at the 0.01 level (2-tailed).  
 
This relationship is also evident in the scatter plot of Technology Readiness and 

Project Success shown in Figure 6, where higher levels of Technology Readiness 
are generally associated with higher Project Success scores. Consequently, the re-
searcher rejected the null hypothesis and concluded that technological changes 
have a significant effect on the success of Big Data Science projects.  
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Figure 6. Scatter plot of technology readiness and change vs. project success.  

 
The researcher also tested this hypothesis using regression analysis in SPSS. The 

results in Table 5 show that technological changes significantly impact project 
success. The regression model is statistically significant (F (1, 100) = 18.111, p < 
0.001) and explains 15.3% of the variance in project success (R2 = 0.153). This 
confirms that technology readiness and change have a strong positive impact on 
the success of Big Data science projects.  

 
Table 5. Regression analysis of project success and technological change.  

 B SE β t p 

Constant 2.474 0.342  7.241 <0.001 

Technology Readiness and Change 0.370 0.087 0.392 4.256 <0.001 

F (1, 100) = 18.111, p < 0.001, R2 = 0.153. 
 
Based on these findings, the researcher rejected the null hypothesis (H10). The 

data provide sufficient evidence to support the alternative hypothesis (H1a), indi-
cating a statistically significant positive relationship between technological change 
and success in Big Data Science projects. The results imply that greater techno-
logical change is associated with higher perceptions of project success among Big 
Data Science professionals.  

4.7. Results of Research Question Two 

Research Question 2 (RQ2). How do cultural differences influence the success of 
Big Data Science projects? 
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Null Hypothesis (H20). There is no relationship between project success (PS) 
and cultural differences (CD). 

Alternative Hypothesis (H2a). There is a relationship between project success 
(PS) and cultural differences (CD). 

To answer Research Question 2, the researcher analyzed the relationship be-
tween Cultural Differences (independent variable) and Project Success (depend-
ent variable) using Pearson’s correlation and linear regression. The study utilized 
data from all 102 participants in the final sample.  

Pearson’s correlation coefficient revealed a statistically significant positive link 
between Cultural Differences and Project Success. As detailed in Table 6, this cor-
relation is significant (r = 0.281, p = 0.004), indicating a small-to-moderate posi-
tive relationship.  

 
Table 6. Correlation analysis of project success and cultural differences. 

 r p N 

Project Success * Cultural Differences 0.281** 0.004 102 

**Correlation is significant at the 0.01 level (2-tailed).  
 
The scatter plot of cultural differences and project success in Figure 7 also 

demonstrates this pattern, indicating that higher ratings of cultural differences 
generally correspond to higher levels of project success. Therefore, the analysis 
rejects the null hypothesis and concludes that cultural differences significantly im-
pact the success of Big Data Science projects.  

 

 
Figure 7. Scatter plot of cultural differences vs. project success.  
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The researcher examined the hypothesis that cultural differences influence pro-
ject success by conducting regression analysis with the Statistical Package for the 
Social Sciences (SPSS). The results in Table 7 show that cultural differences sig-
nificantly predict project success (B = 0.288, t = 2.924, p = 0.004). The regression 
model is also statistically significant (F (1, 100) = 8.551, p = 0.004) and explains 
7.9% of the variance in project success (R2 = 0.079). This also confirms the corre-
lation analysis results, which show that cultural differences have a moderate pos-
itive impact on the success of Big Data science projects.  

 
Table 7. Regression analysis of project success and cultural differences.  

 B SE β t p 

Constant 2.741 0.403  6.798 <0.001 

Cultural Differences 0.288 0.098 0.281 2.924 0.004 

F (1, 100) = 8.551, p = 0.004, R2 = 0.079. 
 
The researcher rejected the null hypothesis (H20), and the evidence supports 

the alternative hypothesis (H2a), confirming a statistically significant positive link 
between cultural differences and project success. These results suggest that higher 
cultural intelligence and better management of cultural diversity within Big Data 
Science teams are associated with greater project success.  

4.8. Results of Research Question Three 

Research Question 3 (RQ3). How does resource allocation influence the success 
of Big Data Science projects?  

Null Hypothesis (H30). There is no relationship between project success (PS) 
and resource allocation (RA).  

Alternative Hypothesis (H3a). There is a relationship between project success 
(PS) and resource allocation (RA).  

To address Research Question 3, the researcher analyzed the relationship be-
tween Resource Allocation (independent variable) and Project Success (depend-
ent variable) using correlation and regression analyses. All 102 participants pro-
vided complete data for both variables.  

The Pearson correlation coefficient indicated a statistically significant positive 
relationship between Resource Allocation and Project Success. The data in Table 8 
show that the correlation between project success and resource allocation is sig-
nificant (r = 0.476, p < 0.001), reflecting a moderately positive relationship.  

 
Table 8. Correlation analysis of project success and resource allocation.  

 r p N 

Project Success * Resource Allocation 0.476** <0.001 102 

**Correlation is significant at the 0.01 level (2-tailed).  
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The scatter plot in Figure 8, which shows resource allocation versus project 
success, further supports this, as the researcher observes that higher resource al-
location tends to be associated with greater project success. Therefore, the re-
searcher rejects the null hypothesis and concludes that resource allocation is a key 
factor in the success of Big Data Science projects.  

 

 
Figure 8. Scatter plot of resource allocation vs. project success.  

 
The researcher assessed the third hypothesis using a regression analysis in 

SPSS, which suggests that resource allocation affects project success. The results 
in Table 9 show that resource allocation significantly predicts project success (B 
= 0.355, t = 5.406, p < 0.001). The regression model is significant (F (1, 100) = 
29.226, p < 0.001) and explains 22.6% of the variance in project success (R2 = 
0.226). This confirms the correlation analysis results, showing that resource allo-
cation has a significant positive impact on the success of Big Data Science projects.  

 
Table 9. Regression analysis of project success and resource allocation. 

 B SE β t p 

Constant 2.609 0.246  10.604 <0.001 

Resource Allocation 0.355 0.066 0.476 5.406 <0.001 

F (1, 100) = 29.226, p = 0.001, R2 = 0.226. 
 
Based on the statistical evidence, the researcher rejected the null hypothesis 

(H30). The data support the alternative hypothesis (H3a), showing a statistically 
significant positive relationship between resource allocation and project success. 
These results suggest that effective allocation of human, financial, and technolog-
ical resources is associated with better outcomes in Big Data Science projects.  
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4.9. Limitations of the Study 

The researcher acknowledges several limitations affecting the interpretation of the 
findings. First, data were self-reported via online surveys, which may introduce 
response biases, such as social desirability and recall bias. Although anonymity 
aimed to encourage honesty, the researcher could not independently verify par-
ticipants’ perceptions of resource allocation, cultural dynamics, or project out-
comes. Future research should incorporate objective performance metrics, ar-
chival data, or multi-source assessments to enhance validity through triangula-
tion.  

The sample primarily consisted of early- to mid-career professionals (ages 22 
- 41, 66.7%) with limited experience in Big Data Science projects; 71.6% had 1 - 
5 years of experience. This demographic might limit the relevance of the results 
for more seasoned practitioners, senior project managers, or data science leaders, 
who could have different perspectives on institutional factors and success. Future 
studies should involve participants with a broader range of experience levels to 
examine potential differences across career stages or organizational roles.  

The cross-sectional design of this study captured data at a single point in time, 
which limits the ability to observe changes in project dynamics, technological evo-
lution, or resource shifts over the course of project lifecycles. This temporal limi-
tation precludes the establishment of causal relationships or the identification of 
trends in how institutional factors influence project success over time. Future re-
search should consider longitudinal or repeated-measures designs to examine these 
dynamic relationships.  

Another limitation is that using convenience sampling from LinkedIn Big Data 
Science groups may introduce selection bias, as active participants may differ from 
others in terms of technological readiness and organizational context. Future 
studies should consider random or targeted sampling across industries, organiza-
tion types, or regions to enhance representativeness and external validity.  

5. Conclusion 

Whereas Chapter Four presented the quantitative results of this study, Chapter 
Five shifts focus to interpreting these findings, exploring their meaning, and dis-
cussing their implications for theory, practice, and future research. Big Data Sci-
ence projects are essential for the growth and competitiveness of organizations in 
the modern data-driven economy, yet they continue to fail at alarmingly high 
rates. Research indicates that approximately 85% of these projects fail to deliver 
value due to unclear objectives, poor project management, and inadequate align-
ment between technical and business goals ([12] [18] [87]). These failures result 
in significant financial losses, missed opportunities, and diminished stakeholder 
confidence [7]. Although extensive research has focused on the technical aspects 
of Big Data Science projects, such as algorithm development and data engineering, 
there is limited empirical evidence on how external institutional factors influence 
project outcomes ([13] [88]). Chapter 4 presented quantitative findings from the 
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correlational analysis examining these institutional factors; this chapter interprets 
those empirical results within the context of Attribution Theory, the CRISP-DM 
framework, and existing literature.  

5.1. Findings 

Quantitative analysis of data from 102 Big Data Science professionals revealed that 
all three institutional factors were positively and significantly associated with pro-
ject success. The findings show that technological readiness and adaptability to 
change, cultural intelligence and diversity management, and strategic resource al-
location significantly predict project outcomes in Big Data Science initiatives. 
These results empirically support the theoretical proposition that external institu-
tional factors critically influence project success, extending beyond the technical 
capabilities and algorithmic sophistication traditionally emphasized in data sci-
ence research. Table 10 summarizes the hypothesis-testing results, indicating 
whether each null hypothesis was rejected or the alternative hypothesis was ac-
cepted, based on the statistical analyses presented in Chapter 4. The researchers 
rejected all three null hypotheses, confirming statistically significant relationships 
between each institutional factor (technological changes, cultural differences, and 
resource allocation) and Big Data Science project success.  
 

Table 10. Results hypotheses.  

Hypotheses  Results 

H01: There is no relationship between project success (PS) and technological changes (TC).  Rejected 

H02: There is no relationship between project success (PS) and cultural differences (CD).  Rejected 

H03: There is no relationship between project success (PS) and resource allocation (RA).  Rejected 
HA1: There is a relationship between project success (PS) and technological changes (TC).  Accepted 

HA2: There is a relationship between project success (PS) and cultural differences (CD).  Accepted 

HA3: There is a relationship between project success (PS) and resource allocation (RA).  Accepted 

Note: The table summarizes the acceptance or rejection of the null and alternative hypotheses based on 
the statistical analyses conducted.  

 
While all three institutional factors demonstrated significant positive relation-

ships with project success, the strength of these relationships varied considerably. 
Resource allocation exhibited the most substantial effect (β = 0.476, r = 0.475, p < 
0.001), explaining 22.6% of the variance in project success, which indicates that 
adequately skilled staff, technical infrastructure, and project budgets constitute 
the most influential institutional factor examined in this study. Technological 
readiness and change showed the second-strongest relationship (β = 0.392, r = 
0.391, p < 0.001), accounting for 15.3% of the variance in project success, suggest-
ing that organizations’ capacity to keep pace with evolving data science tools, 
frameworks, and technologies significantly affects outcomes. Cultural differences 
demonstrated a significant but comparatively minor effect (β = 0.281, r = 0.281, p 
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= 0.004), explaining 7.9% of the variance in project success. However, this is the 
weakest of the three factors; it remains statistically and practically significant, par-
ticularly for organizations with globally distributed or culturally diverse teams. 
These findings confirm that institutional and organizational dimensions are crit-
ical determinants of Big Data Science project success, with resource-related fac-
tors exerting the most significant influence on outcomes.  

The findings support and expand upon the existing literature on project man-
agement factors in IT and data analytics contexts ([15] [21]). Moreover, this study 
is among the first to provide quantitative evidence linking cultural differences, 
technological change, and resource allocation to the success of Big Data Science 
projects within a unified empirical framework.  

5.2. Research Questions 
5.2.1. Discussion: Research Question One 
Research Question One: How do technological changes influence the success of 
big data science projects?  

The analysis revealed a statistically significant positive relationship between 
technological changes and project success (r = 0.392, p < 0.001), with technologi-
cal readiness and adaptability accounting for 15.3% of the variance in project out-
comes. The regression model demonstrated that technology readiness signifi-
cantly predicts project success (B = 0.365, t = 4.247, p < 0.001; F (1, 100) = 18.037, 
p < 0.001). These findings support rejecting the null hypothesis (H01) and confirm 
the alternative hypothesis (HA1) that technological change is positively associated 
with project success in Big Data Science environments.  

These findings align with the Attribution Theory, which suggests that team 
members’ perceptions of technological capabilities and challenges shape their be-
havior and collaboration [89]. When teams credit success to their technological 
readiness and adaptability, they are more likely to adopt innovative tools, experi-
ment with new methodologies, and remain flexible amid changing technical 
needs. These findings also align with the CRISP-DM framework, which empha-
sizes continuous technological adaptation across the iterative phases of data sci-
ence projects. The iterative nature of data science, as highlighted by the CRISP-
DM framework, requires the ongoing integration of new tools throughout the 
project. Organizations with high technological readiness are better equipped to 
manage these cycles [90].  

The findings align with recent empirical research highlighting the importance 
of technological adaptability in Data Science. Gureyev and Mazov [25] empha-
sized that practitioners must stay current with emerging trends, including ma-
chine learning frameworks, cloud computing platforms, and data visualization 
tools, to maintain project relevance and competitiveness. Pandurang [32] noted 
that the rapid adoption of artificial intelligence and cloud computing necessitates 
continuous organizational adaptation. A recent study by Bollineni [91] on DevOps 
(development and operations) practices in data science and MLOps (machine 
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learning operations) highlights the importance of technological updates and flex-
ibility.  

Technology, adaptability, and the growing use of Big Data are crucial factors in 
the success of data science projects [31]. This psychological dimension of techno-
logical readiness has received limited attention in the Data Science literature, but 
emerges as consequential in this study. The findings imply that organizations 
should consider cultural attitudes toward technology adoption when managing 
technological change in data science. Rather than viewing technological change 
solely as a technical issue requiring infrastructure investment, the results highlight 
the importance of fostering a positive culture around technology. Organizations 
should establish formal governance mechanisms, such as cross-functional tech-
nology committees and structured adoption frameworks, to systematically evalu-
ate, pilot, and deploy emerging tools while supporting a culture of innovation and 
experimentation. This involves offering training and ongoing learning opportu-
nities [12].  

5.2.2. Discussion: Research Question Two  
Research Question Two: How do cultural differences influence the success of big 
data science projects?  

The analysis identified a significant positive association between cultural differ-
ences and project success (r = 0.281, p = 0.004), with cultural intelligence account-
ing for 7.9% of the variance in project outcomes. The regression analysis indicated 
that cultural differences are a significant predictor of project success (B = 0.288, t 
= 2.924, p = 0.004; F (1, 100) = 8.551, p = 0.004). These results support rejecting 
the null hypothesis (H02) and affirm the alternative hypothesis (H12) that a positive 
relationship exists between cultural differences and project success.  

These findings support Attribution Theory by illustrating how team members 
interpret cultural diversity [89]. From a cultural dynamics perspective, Attribu-
tion Theory explains how teams’ causal interpretations of cultural differences in-
fluence interpersonal responses, trust, and patterns of collaboration. When teams 
attribute project problems to cultural misunderstandings rather than individual 
skills, they shift the focus toward improving cross-cultural communication and 
fostering inclusive teamwork. Effective diversity management can turn cultural 
differences into a strategic asset, supporting the “value-in-diversity” idea that di-
verse teams enhance outcomes through creativity and multiple perspectives ([14] 
[15]). Research on data science projects confirms this, indicating that unmanaged 
cultural differences can cause communication failures and misaligned goals ([34] 
[92]). For example, when team members from different cultural backgrounds hold 
divergent expectations about decision-making authority or communication ur-
gency, misalignment can manifest as delayed approvals, unaddressed conflicts, or 
siloed work that fragments the project effort if not explicitly managed through 
cross-cultural dialogue. Oguine [46] also highlights the strong effect of cultural 
diversity on team dynamics, communication, and decision-making, aligning with 
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the CRISP-DM framework, which emphasizes stakeholder alignment and iterative 
collaboration while recognizing diverse communication and decision-making 
styles [93].  

Organizations should view cultural diversity not merely as a demographic char-
acteristic but as a strategic capability that requires active development. This in-
volves implementing structured onboarding for diverse teams, establishing clear 
communication guidelines, providing language assistance as needed, and creating 
spaces for cultural exchange and shared learning.  

5.2.3. Discussion: Research Question Three  
Research Question Three: How does resource allocation influence the success of 
big data science projects?  

The analysis revealed a statistically significant positive relationship between re-
source allocation and project success (r = 0.476, p < 0.001), with resource alloca-
tion explaining 22.6% of the variance in project outcomes, the strongest association 
among the three institutional factors examined. The regression model showed that 
resource allocation significantly predicts project success (B = 0.355, t = 5.406, p < 
0.001; F (1, 100) = 29.226, p < 0.001). These findings support rejecting the null 
hypothesis (H03) and confirm the alternative hypothesis (HA3) that resource allo-
cation is positively associated with project success.  

The moderate-to-strong correlation (r = 0.476) indicates a threshold effect: 
minimum resource levels are essential for project viability; below this threshold, 
projects cannot succeed regardless of other strengths, whereas above it, the stra-
tegic distribution and timing of resources become as critical as the overall quantity 
of resources allocated. This substantial effect size indicates that the strategic allo-
cation of human, financial, and technological resources is a crucial determinant 
of outcomes in Big Data Science projects. This pattern of threshold effects is con-
sistent with findings in the IT project management literature, which similarly 
shows that adequate resource provision is a necessary but not sufficient condition 
for success, and that effective resource governance is the differentiating factor 
among well-resourced projects.  

This finding supports the existing literature, which identifies resource alloca-
tion as an ongoing challenge in data science projects. Research by Bateni [76], 
Pratama [94], and Yang [49] highlights the need to strategically manage financial, 
human, and technological resources to achieve success. The study demonstrates 
that resource allocation accounts for more than 20% of the variation in project 
success. Consistent with Attribution Theory, teams with sufficient resources tend 
to focus on technical issues rather than on constraints [89]. Aligned with the 
CRISP-DM iterative methodology, achieving optimal results depends on strategi-
cally allocating resources across phases and adjusting them as project needs 
evolve. Dynamic resource management, which involves ongoing monitoring and 
reallocation, is more effective than fixed resource commitments. Furthermore, as 
Ambore [95] highlighted, the success of resource allocation becomes equally im-
portant as the number of resources used.  
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Organizations should adopt structured resource allocation processes aligned 
with the data science project phases. This involves establishing resource govern-
ance systems, conducting ongoing resource-needs assessments, introducing flex-
ibility to support iterative development, and making resource allocation decisions 
that account for the entire project lifecycle rather than focusing solely on model-
ing and algorithm development.  

5.3. Limitations of the Study 

This study offers valuable insights into institutional factors that influence the suc-
cess of Big Data Science projects, but it must also acknowledge several limitations. 
The researchers organize these limitations into methodological, sampling, and 
measurement categories. Collectively, they affect the interpretation, generalizabil-
ity, and scope of the findings and highlight opportunities for future research. 
These limitations reflect design-informed constraints that shape how the findings 
should be interpreted rather than deficiencies in the study’s rigor.  

5.4. Methodological Limitations 

This study employed a cross-sectional research design, capturing institutional fac-
tors and project success at a single point in time. Although appropriate for iden-
tifying relationships among variables, this design provides a static view of inher-
ently dynamic processes. Big Data Science projects evolve across multiple phases, 
during which technological readiness, resource allocation, and organizational cul-
ture may change substantially. As a result, the study cannot capture how these 
institutional factors interact over time or establish causal relationships. Accord-
ingly, the findings should be interpreted as reflecting relationships observed at a 
specific point in time rather than as evidence of developmental or causal pro-
cesses. Future research using longitudinal designs that follow projects from initi-
ation through deployment would provide deeper insight into temporal dynamics 
and cause-and-effect relationships.  

5.5. Measurement Limitations 

This study relied exclusively on self-reported survey data, which introduces sev-
eral measurement-related concerns. Social desirability bias may have influenced 
participants to report more favorable assessments of technological readiness, cul-
tural intelligence, or resource adequacy than objective measures would reveal. Ad-
ditionally, recall bias and retrospective memory bias may have affected partici-
pants’ ability to accurately report past project outcomes and resource conditions 
[15].  

Although the study provided anonymity to encourage honest responses, the re-
searchers could not independently verify the accuracy of the self-reported data. 
Moreover, key constructs, particularly project success, are inherently subjective 
and may be interpreted differently across organizational contexts, roles, and in-
dustries. These variations in interpretation may have influenced participants’ re-
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sponses and introduced measurement inconsistency. Consequently, researchers 
should interpret these findings as subjective assessments influenced by organiza-
tional roles and contexts.  

5.6. Control Variables: Justification and Recommendations 

The current study collected relevant demographic data—including years of expe-
rience with Big Data Science projects (71.6% with 1 - 5 years), organizational size 
(ranging from 1 - 50 to 5000+ employees), age distribution (66.7% aged 22 - 41), 
and gender composition (57.8% male, 38.2% female)—but did not include these 
as control variables in the regression analyses. The exclusion of control variables 
can be justified on theoretical grounds: Attribution Theory and the CRISP-DM 
framework suggest that institutional factors (cultural differences, technological 
changes, resource allocation) operate at the organizational and project-team level 
and should influence project success regardless of individual practitioner charac-
teristics, making these relationships theoretically robust across demographic sub-
groups. However, to strengthen the validity of findings and rule out alternative 
explanations, a hierarchical multiple regression approach is recommended, 
where: 1) Block 1 enters theoretically motivated controls—years of Big Data Sci-
ence experience (to control for expertise effects), organizational size (as a proxy 
for resource availability and project complexity), and practitioner role if differen-
tiated (e.g., data scientist vs. project manager, since managerial roles may perceive 
success differently)—and 2) Block 2 adds the three institutional factors (cultural 
differences, technological changes, resource allocation) to assess their incremental 
contribution beyond demographics. This approach would reveal whether the ob-
served relationships (r = 0.281 to 0.476) represent genuine institutional effects or 
are confounded by experience levels (e.g., more experienced practitioners work in 
better-resourced organizations) or organizational context (e.g., larger organiza-
tions have both more resources and better technology adoption), with ΔR2 values 
indicating the unique variance explained by institutional factors after accounting 
for individual and organizational characteristics, thereby providing more con-
servative and interpretable effect size estimates.  

5.7. Common-Method Bias Mitigation and Assessment 

To mitigate common-method bias inherent in the single-survey, self-report de-
sign, several procedural remedies were implemented: 1) participant anonymity 
was ensured to reduce social desirability bias and encourage honest responses, 
2) validated, psychometrically sound instruments with established reliability 
(Cronbach’s α ranging from 0.719 to 0.830) were used to enhance measurement 
quality, 3) predictor and criterion variables were measured using different scale 
formats and item structures (CQS with 20 items, TRI 2.0 with 16 items, ISRAS 
with 15 items, and Project Success Scale with 12 items) to reduce method overlap, 
and 4) clear instructions emphasized that there were no right or wrong answers 
to minimize evaluation apprehension. Statistically, Harman’s single-factor test 
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should be conducted by entering all items from the four constructs into an explor-
atory factor analysis to determine if a single factor accounts for the majority of 
variance (>50% threshold); if a single factor does not emerge or accounts for less 
than 50% of total variance, this suggests common-method bias is not a pervasive 
concern. While these procedural and statistical controls reduce the likelihood of 
inflated correlations due to common-method variance, the self-report nature 
means that observed associations (r = 0.281 to 0.476) may still be partially attribut-
able to shared method variance rather than purely substantive relationships, sug-
gesting that the reported effect sizes should be interpreted as upper-bound esti-
mates and that triangulation with objective performance metrics (e.g., actual 
budget/schedule variance, deployment success rates) in future research would 
strengthen causal inferences about how institutional factors influence Big Data 
Science project success.  

5.8. Operationalization of Project Success 

Project success in this study is operationalized using Shenhar’s [69] multidimen-
sional scale, which assesses four key dimensions: meeting time and budget goals 
(delivery performance), achieving technical performance standards, stakeholder 
satisfaction, and long-term business impact. This operationalization captures both 
immediate project execution metrics (schedule/budget adherence) and broader 
strategic outcomes (business value and stakeholder perceptions), providing a com-
prehensive assessment of Big Data Science project effectiveness.  

5.9. Justification for Self-Reported Measures 

Self-reported success measures are appropriate for this research because 1) the 
study’s focus on institutional factors (cultural differences, technological changes, 
resource allocation) requires capturing practitioners’ lived experiences and per-
ceptions of how these factors influence outcomes in their specific organizational 
contexts, and 2) Big Data Science professionals with direct project involvement 
are uniquely positioned to assess multidimensional success criteria that span tech-
nical, organizational, and stakeholder domains, which may not be fully captured 
by objective metrics alone. While self-reporting introduces potential biases (social 
desirability, recall bias), the use of validated instruments, anonymous data collec-
tion, and the correlational nature of the research questions make practitioner per-
ceptions a valid and contextually rich data source for examining relationships be-
tween institutional factors and perceived project success.  

5.10. Recommendations for Future Research 

Future research should address the limitations of this study’s methodology and 
deepen the understanding of institutional factors through complementary ap-
proaches. Researchers using longitudinal designs can establish causal links by 
tracking Big Data Science projects from start to finish, including post-deployment 
phases. This approach can reveal how institutional factors evolve over the project 
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lifecycle and identify key moments when they most significantly affect outcomes. 
Employing methods such as repeated measures, event history analysis, or survival 
analysis would overcome the current study’s correlational limitations and provide 
more robust causal insights [96].  

Future studies should supplement self-reported survey data with objective per-
formance indicators and organizational factor metrics. These success indicators, 
such as schedule and budget variances, model performance metrics, deployment 
success rates, and business impact data, can be sourced from project records. In-
stitutional factors like diversity metrics, technology adoption rates, actual re-
source allocations, and communication patterns derived from organizational sys-
tems also provide valuable insights. Integrating both subjective and objective 
measures enables researchers to assess convergent validity and distinguish per-
ceived from actual performance gaps [97].  

Future research should employ mixed-methods designs that integrate quanti-
tative measurement with qualitative exploration to provide richer insights into 
how institutional factors influence the success of Big Data Science projects [98]. 
While this study’s quantitative approach established the strength and significance 
of relationships among cultural differences, technological changes, and resource 
allocation, qualitative methods can illuminate the mechanisms, contextual nu-
ances, and practitioner experiences underlying these statistical associations. Se-
quential explanatory designs, beginning with survey data and following with in-
depth interviews or focus groups, could clarify how teams interpret and respond 
to resource constraints, why specific cultural configurations enhance collabora-
tion, and how technological readiness manifests in daily project activities. Mixed-
methods inquiry would also address measurement limitations inherent in self-re-
ported surveys by triangulating perceptions with observational data, project doc-
umentation, and stakeholder interviews [99].  

5.11. Current Analysis Approach 

The study conducted three separate simple linear regressions (one predictor at a 
time) rather than a single multiple regression model with all three predictors en-
tered simultaneously. Each research question was analyzed independently: tech-
nological changes (R2 = 0.153), cultural differences (R2 = 0.079), and resource al-
location (R2 = 0.226) were each regressed on project success in separate models, 
which explains the unique variance for each predictor but does not account for 
shared variance or the unique contribution of each predictor when controlling for 
the others.  

5.12. Recommendation for Alignment 

To properly assess the unique contributions of institutional factors and address 
potential multicollinearity or shared variance among predictors (given that VIF 
values of 1.12 - 1.58 were reported), the study should conduct and report a single 
multiple regression model including all three predictors simultaneously. The full 
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model should report: 1) overall model fit statistics (R2, adjusted R2, overall F-test 
with df and p-value), 2) standardized beta coefficients (β) for each predictor show-
ing unique contributions while controlling for others, 3) 95% confidence intervals 
for each beta coefficient, 4) individual t-tests and p-values for each predictor’s 
unique effect, and 5) a comparison between R2 from individual models (0.153 + 
0.079 + 0.226 = 0.458 total if independent) versus the multiple regression R2 (likely 
lower due to shared variance), which would clarify whether these institutional fac-
tors independently predict project success or if their effects overlap substantially.  

5.13. Conclusions 

Big Data Science projects represent critical strategic investments for organizations 
competing in data-driven economies, yet failure rates exceeding 85% underscore 
persistent challenges in delivering value from these initiatives. This quantitative, 
correlational study addressed a critical gap in the literature by empirically exam-
ining how institutional factors, cultural differences, technological changes, and 
resource allocation influence project success. Grounded in Attribution Theory 
and the CRISP-DM framework, the research provides evidence that these external 
factors significantly predict project outcomes beyond technical capabilities and 
algorithmic sophistication.  

Analysis of data from 102 Big Data Science professionals showed significant 
positive correlations between all three institutional factors and project success. 
These results indicate a need for substantial changes in data science practices. Or-
ganizations should establish structured resource governance frameworks that 
strategically allocate personnel, budgets, and infrastructure throughout project 
lifecycles, rather than concentrating resources solely in the modeling phases. 
Technology readiness programs must address infrastructure, training, and psy-
chological aspects of change, fostering optimism and innovation while mitigating 
discomfort and insecurity. Developing cultural intelligence should involve meta-
cognitive, cognitive, motivational, and behavioral dimensions, supported by 
cross-cultural training, inclusive communication protocols, and psychological 
safety initiatives. 

Conflicts of Interest 

The authors declare no conflicts of interest regarding the publication of this paper. 

References 
[1] Abdelhakim, M., Abdeldayem, M.M. and Aldulaimi, S.H. (2022) Information Tech-

nology Adoption Barriers in Public Sector. 2022 ASU International Conference in 
Emerging Technologies for Sustainability and Intelligent Systems (ICETSIS), Ma-
nama, 22-23 June 2022, 355-360. https://doi.org/10.1109/icetsis55481.2022.9888805 

[2] Abdikhakimov, I. (2023) Harnessing the Power of Big Data: Opportunities, Chal-
lenges, and Best Practices. Research and Publication, 1, 96-101. 

[3] Aithal, A. and Aithal, P.S. (2020) Development and Validation of Survey Question-
naire & Experimental Data—A Systematical Review-Based Statistical Approach. 

https://doi.org/10.4236/jcc.2026.143006
https://doi.org/10.1109/icetsis55481.2022.9888805


D. S. W. Nguyen, T. Ennoure 
 

 

DOI: 10.4236/jcc.2026.143006 127 Journal of Computer and Communications 
 

SSRN Electronic Journal, 5, 233-251. https://doi.org/10.2139/ssrn.3724105  

[4] Al-Ani, A., Rayyan, A., Maswadeh, A., Sultan, H., Alhammouri, A., Asfour, H., et al. 
(2024) Evaluating the Understanding of the Ethical and Moral Challenges of Big Data 
and AI among Jordanian Medical Students, Physicians in Training, and Senior Prac-
titioners: A Cross-Sectional Study. BMC Medical Ethics, 25, Article No. 18.  
https://doi.org/10.1186/s12910-024-01008-0 

[5] Alharbi, I.M., Alyoubi, A.A., Altuwairiqi, M. and Ellatif, M.A. (2021) Enhance Risks 
Management of Software Development Projects in Concurrent Multi-Projects Envi-
ronment to Optimize Resources Allocation Decisions. International Journal of Ad-
vanced Computer Science and Applications, 12.  
https://doi.org/10.14569/ijacsa.2021.0120626 

[6] Ali, W., Khan, A.Z. and Qureshi, I.M. (2024) The Influence of Emotional Intelligence 
and Team Building on Project Success. International Research Journal of Social Sci-
ences and Humanities, 3, 616-641.  
https://irjssh.com/index.php/irjssh/article/view/138 

[7] Darwish, N.Y.A., Alqhzzawi, A.M., Alqisi, E.I. and Shkoor, A.S. (2025) Big Data Rev-
olution: Enhancing Financial Planning and Budgeting Strategies. International Jour-
nal of Multidisciplinary: Applied Business and Education Research, 6, 1044-1055.  
https://doi.org/10.11594/ijmaber.06.03.06 

[8] Allam, H. and Akre, V. (2021) A Proposed Model for IT Project Success Factors. 2021 
International Conference on Computational Intelligence and Knowledge Economy 
(ICCIKE), Dubai, 17-18 March 2021, 132-136.  
https://doi.org/10.1109/iccike51210.2021.9410710 

[9] Ang, S., Dyne, L.V., Koh, C., Ng, K., Templer, K.J., Tay, C. and Chandrasekar, N.A. 
(2007) Cultural Intelligence Scale. PsycTESTS Dataset. 

[10] Arruda, D. and Laigner, R. (2020) Requirements Engineering Practices and Chal-
lenges in the Context of Big Data Software Development Projects: Early Insights from 
a Case Study. 2020 IEEE International Conference on Big Data (Big Data), Atlanta, 
10-13 December 2020, 2012-2019.  
https://doi.org/10.1109/bigdata50022.2020.9377734 

[11] Attobrah, M. (2024) Exploratory Data Analysis. In: Essential Data Analytics, Data 
Science, and AI, Apress, 47-73. https://doi.org/10.1007/979-8-8688-1070-1_4 

[12] Gray, D. and Shellshear, E. (2024) Why Data Science Projects Fail. Chapman and 
Hall/CRC. https://doi.org/10.1201/9781032661360 

[13] Jonathan, B. and Raharjo, T. (2024) Big Data Project Success Factors: A Systematic 
Literature Review. AIP Conference Proceedings, 3109, Article ID: 030018.  
https://doi.org/10.1063/5.0205495 

[14] Panda, B. (2023) Why Data Science Projects Fail. Cornell University. 

[15] Saltz, J. and Lahiri, S. (2020) The Need for an Enterprise Risk Management Frame-
work for Big Data Science Projects. Proceedings of the 9th International Conference 
on Data Science, Technology and Applications, Vol. 1, 268-274.  
https://doi.org/10.5220/0009874502680274 

[16] Herath, S. and Chong, S.C. (2021) Key Components and Critical Success Factors for 
Project Management Success: A Literature Review. Operations and Supply Chain 
Management: An International Journal, 14, 431-443.  
https://doi.org/10.31387/oscm0470314 

[17] Rane, N. (2023) Integrating Leading-Edge Artificial Intelligence (AI), Internet of 
Things (IOT), and Big Data Technologies for Smart and Sustainable Architecture, 

https://doi.org/10.4236/jcc.2026.143006
https://doi.org/10.2139/ssrn.3724105
https://doi.org/10.1186/s12910-024-01008-0
https://doi.org/10.14569/ijacsa.2021.0120626
https://irjssh.com/index.php/irjssh/article/view/138
https://doi.org/10.11594/ijmaber.06.03.06
https://doi.org/10.1109/iccike51210.2021.9410710
https://doi.org/10.1109/bigdata50022.2020.9377734
https://doi.org/10.1007/979-8-8688-1070-1_4
https://doi.org/10.1201/9781032661360
https://doi.org/10.1063/5.0205495
https://doi.org/10.5220/0009874502680274
https://doi.org/10.31387/oscm0470314


D. S. W. Nguyen, T. Ennoure 
 

 

DOI: 10.4236/jcc.2026.143006 128 Journal of Computer and Communications 
 

Engineering and Construction (AEC) Industry: Challenges and Future Directions. 
SSRN Electronic Journal. 

[18] Hotz, N. (2024) Why Big Data Science & Data Analytics Projects Fail. Data Science 
PM. https://www.datascience-pm.com/project-failures/ 

[19] Reggio, G. and Astesiano, E. (2020) Big-Data/Analytics Projects Failure: A Literature 
Review. 2020 46th Euromicro Conference on Software Engineering and Advanced 
Applications (SEAA), Portoroz, 26-28 August 2020, 246.  
https://doi.org/10.1109/seaa51224.2020.00050 

[20] Sajid, M., Shah, F. and Ahmad, A. (2024) Impact of Big Data Analytics on Project 
Success Rates: A Comparative Study of Traditional versus Data-Driven Project Plan-
ning. Journal of Asian Development Studies, 13, 1691-1702.  
https://doi.org/10.62345/jads.2024.13.3.136 

[21] Mikalef, P. and Krogstie, J. (2020) Examining the Interplay between Big Data Analyt-
ics and Contextual Factors in Driving Process Innovation Capabilities. European 
Journal of Information Systems, 29, 260-287.  
https://doi.org/10.1080/0960085x.2020.1740618 

[22] Neagu, G. (2024) Book Review—Data Science and Big Data Analytics: Discovering, 
Analyzing, Visualizing and Presenting Data. Studies in Informatics and Control, 25, 
131-135. https://doi.org/10.24846/v25i1y201614 

[23] Shahid, N.U. and Sheikh, N.J. (2021) Impact of Big Data on Innovation, Competitive 
Advantage, Productivity, and Decision Making: Literature Review. Open Journal of 
Business and Management, 9, 586-617. https://doi.org/10.4236/ojbm.2021.92032 

[24] Varajão, J., Lourenço, J.C. and Gomes, J. (2022) Models and Methods for Information 
Systems Project Success Evaluation—A Review and Directions for Research. Heliyon, 
8, e11977. https://doi.org/10.1016/j.heliyon.2022.e11977 

[25] Gureyev, V. and Mazov, N. (2023) Data Science in the System of Contemporary Sci-
entific Knowledge. Review of the Book “Data Science Thinking: The Next Scientific, 
Technological and Economic Revolution” by Longbing Cao. Science Management: 
Theory and Practice, 5, 209. https://doi.org/10.19181/smtp.2023.5.4.13 

[26] Mazumder, M.S.A. (2024) The Transformative Impact of Big Data in Healthcare: Im-
proving Outcomes, Safety, and Efficiencies. Global Mainstream Journal of Arts, Lit-
erature, History & Education, 3, 1-12. https://doi.org/10.62304/jbedpm.v3i03.82 

[27] Prakash, D. (2024) Data-Driven Management: The Impact of Big Data Analytics on 
Organizational Performance. International Journal for Global Academic & Scientific 
Research, 3, 12-23. https://doi.org/10.55938/ijgasr.v3i2.74 

[28] Chen, Z., Xiao, Z., Sun, Y., Dong, Y. and Zhong, R.Y. (2024) Production Efficiency 
Analysis Based on the RFID-Collected Manufacturing Big Data. Manufacturing Let-
ters, 41, 81-90. https://doi.org/10.1016/j.mfglet.2024.09.012 

[29] Sebestyén, V., Czvetkó, T. and Abonyi, J. (2021) The Applicability of Big Data in Cli-
mate Change Research: The Importance of System of Systems Thinking. Frontiers in 
Environmental Science, 9, Article ID: 619092.  
https://doi.org/10.3389/fenvs.2021.619092 

[30] Zhang, A.X., Muller, M. and Wang, D. (2020) How Do Data Science Workers Col-
laborate? Roles, Workflows, and Tools. Proceedings of the ACM on Human-Com-
puter Interaction, 4, 1-23. https://doi.org/10.1145/3392826 

[31] Daut, N., Salim, N., Howe, C., Zainal, A., Huspi, S., Ghazali, M., et al. (2022) Adiba 
Big Data Adoption Framework: Accelerating Big Data Revolution 5.0. Proceedings of 
the 11th International Conference on Data Science, Technology and Applications, 

https://doi.org/10.4236/jcc.2026.143006
https://www.datascience-pm.com/project-failures/
https://doi.org/10.1109/seaa51224.2020.00050
https://doi.org/10.62345/jads.2024.13.3.136
https://doi.org/10.1080/0960085x.2020.1740618
https://doi.org/10.24846/v25i1y201614
https://doi.org/10.4236/ojbm.2021.92032
https://doi.org/10.1016/j.heliyon.2022.e11977
https://doi.org/10.19181/smtp.2023.5.4.13
https://doi.org/10.62304/jbedpm.v3i03.82
https://doi.org/10.55938/ijgasr.v3i2.74
https://doi.org/10.1016/j.mfglet.2024.09.012
https://doi.org/10.3389/fenvs.2021.619092
https://doi.org/10.1145/3392826


D. S. W. Nguyen, T. Ennoure 
 

 

DOI: 10.4236/jcc.2026.143006 129 Journal of Computer and Communications 
 

Volume 1, 549-556. https://doi.org/10.5220/0011351700003269 

[32] Anil Pandurang, G., Gupta, M., Ray, J., Kumar, R.R., Hussein, A. and Alazzam, M.B. 
(2023) Big Data through Product Offering: The Technological Challenges of Data 
Science. 2023 3rd International Conference on Advance Computing and Innovative 
Technologies in Engineering (ICACITE), Greater Noida, 12-13 May 2023, 1349-1354.  
https://doi.org/10.1109/icacite57410.2023.10182974 

[33] Terlizzi, M.A., De Oliveira, F.E.T. and Francisco, E.d.R. (2024) Practices and Barriers 
for Big Data Projects. Revista de Gestão e Projetos, 15, 1-35.  
https://doi.org/10.5585/gep.v15i1.24673 

[34] Sekgweleo, T., Makovhololo, P. and Makovhololo, M.L. (2020) Critical Analysis and 
the Impact of Big Data within the Organisation. Management and Organizational 
Studies, 6, 30-40. https://doi.org/10.5430/mos.v6n2p30 

[35] Tidd, J. and Bessant, J. (2021) Managing Innovation: Integrating Technological, Mar-
ket, and Organizational Change. 6th Edition, Wiley. 

[36] Eggleton, F. and Winfield, K. (2020) Open Data Challenges in Climate Science. Data 
Science Journal, 19, 52. https://doi.org/10.5334/dsj-2020-052 

[37] Rahul, K., Banyal, R.K. and Arora, N. (2023) A Systematic Review on Big Data Ap-
plications and Scope for Industrial Processing and Healthcare Sectors. Journal of Big 
Data, 10, Article No. 8. https://doi.org/10.1186/s40537-023-00808-2 

[38] Rajeswari, P., E., S.V., Anilkumar, C., Thilakaveni, P. and Moorthy, U. (2023) Big 
Data Analytics and Implementation Challenges of Machine Learning in Big Data. 
Applied and Computational Engineering, 2, 484-489.  
https://doi.org/10.54254/2755-2721/2/20220584 

[39] Oursatyev, O.A. (2023) Data Research in Industrial Data Mining Projects in the Big 
Data Generation Era. Control Systems and Computers, 51, 33-53.  
https://doi.org/10.15407/csc.2023.03.033 

[40] Hey, T. (2022) Open Science and Big Data in South Africa. Frontiers in Research 
Metrics and Analytics, 7, Article ID: 982435.  
https://doi.org/10.3389/frma.2022.982435 

[41] O’Leary, K., Kim, J. and Rorissa, A. (2024) Exploring Perspectives on Data Science 
Competency: Insights from Students, Professionals, and Employers. Proceedings of 
the ALISE Annual Conference. https://doi.org/10.21900/j.alise.2024.1688 

[42] Rumman, A.A., Aljundi, A.M. and Al-Raqqad, R.M.R. (2024) Big Data Analytics: 
Driving Project Success, Continuity, and Sustainability. International Journal of 
Analysis and Applications, 22, Article No. 167.  
https://doi.org/10.28924/2291-8639-22-2024-167 

[43] Chang, Q., Nazir, S. and Li, X. (2022) Decision-Making and Computational Modeling 
of Big Data for Sustaining Influential Usage. Scientific Programming, 2022, Article 
ID: 2099710. https://doi.org/10.1155/2022/2099710 

[44] Kerzner, H. (2025) Project Management: A Systems Approach to Planning, Schedul-
ing, and Controlling. 14th Edition, John Wiley and Sons. 

[45] Niszczota, P., Janczak, M. and Misiak, M. (2025) Large Language Models Can Repli-
cate Cross-Cultural Differences in Personality. Journal of Research in Personality, 
115, Article ID: 104584. https://doi.org/10.1016/j.jrp.2025.104584 

[46] Oguine, O.C., Oguine, K.J. and Bisallah, H.I. (2021) Big Data and Analytics Imple-
mentation in Tertiary Institutions to Predict Students’ Performance in Nigeria. Sci-
enceOpen Research. https://doi.org/10.14293/S2199-1006.1.SOR-.PPFHSFB.v1 

[47] Dumitrașcu-Băldău, I., Dumitrașcu, D. and Dobrotă, G. (2021) Predictive Model for 

https://doi.org/10.4236/jcc.2026.143006
https://doi.org/10.5220/0011351700003269
https://doi.org/10.1109/icacite57410.2023.10182974
https://doi.org/10.5585/gep.v15i1.24673
https://doi.org/10.5430/mos.v6n2p30
https://doi.org/10.5334/dsj-2020-052
https://doi.org/10.1186/s40537-023-00808-2
https://doi.org/10.54254/2755-2721/2/20220584
https://doi.org/10.15407/csc.2023.03.033
https://doi.org/10.3389/frma.2022.982435
https://doi.org/10.21900/j.alise.2024.1688
https://doi.org/10.28924/2291-8639-22-2024-167
https://doi.org/10.1155/2022/2099710
https://doi.org/10.1016/j.jrp.2025.104584
https://doi.org/10.14293/S2199-1006.1.SOR-.PPFHSFB.v1


D. S. W. Nguyen, T. Ennoure 
 

 

DOI: 10.4236/jcc.2026.143006 130 Journal of Computer and Communications 
 

the Factors Influencing International Project Success: A Data Mining Approach. Sus-
tainability, 13, Article No. 3819. https://doi.org/10.3390/su13073819 

[48] Glushko, B. (2023) Seven Ways That Data Science Projects Fail. SSRN Electronic 
Journal. https://doi.org/10.2139/ssrn.4513237 

[49] Yang, J.H., Kim, H. and Lee, I. (2023) Public Perceptions and Attitudes of the Na-
tional Project of Bio-Big Data: A Nationwide Survey in the Republic of Korea. Fron-
tiers in Genetics, 14, Article ID: 1081812. https://doi.org/10.3389/fgene.2023.1081812 

[50] Lawson-Body, A., Illia, A., Lawson-Body, L., Rouibah, K., Akalin, G. and Tamandja, 
E.M. (2024) Big Data Analytics and Culture. Journal of Organizational and End User 
Computing, 36, 1-30. https://doi.org/10.4018/joeuc.344453 

[51] Hsu, T. (2022) The Effects of Cultural Differences on Post-Acquisition Success for 
Multinational Firms. Journal of Organizational Psychology, 22, 1-11.  
https://doi.org/10.33423/jop.v22i2.5168 

[52] Schoentgen, A. and Wilkinson, L.J. (2021) Ethical Issues in Digital Technologies. 
RePEc: Research Papers in Economics. Federal Reserve Bank of St. Louis.  
https://www.econstor.eu/bitstream/10419/238052/1/Schoentgen-Wilkinson.pdf 

[53] Yao, B. (2021) International Research Collaboration: Challenges and Opportunities. 
Journal of Diagnostic Medical Sonography, 37, 107-108.  
https://doi.org/10.1177/8756479320976130 

[54] Schmarzo, B. (2024) Use These 10 Steps to Successfully Build Your Data Culture. 
TechTarget.  
https://www.techtarget.com/searchdatamanagement/tip/Use-these-steps-to-suc-
cessfully-build-your-data-culture 

[55] Burrows, J.H. (2020) Improving Team Collaboration as a Project Manager. Journal 
of Project Management, 6, Article No. 4. 

[56] Bilir, C. (2022) Project Success Criteria, Critical Success Factors (CSF), and Agile Pro-
jects. In: Advances in Logistics, Operations, and Management Science, IGI Global, 
52-72. https://doi.org/10.4018/978-1-7998-7872-8.ch004 

[57] Grander, G., Da Silva, L.F., Gonzalez, E.D.R.S. and Penha, R. (2022) Framework for 
Structuring Big Data Projects. Electronics, 11, Article No. 3540.  
https://doi.org/10.3390/electronics11213540 

[58] Wang, K.T. and Goh, M. (2020) Cultural Intelligence. In: The Wiley Encyclopedia of 
Personality and Individual Differences, Wiley, 269-273. 

[59] Graham, S. (2020) An Attributional Theory of Motivation. Contemporary Educa-
tional Psychology, 61, Article ID: 101861.  
https://doi.org/10.1016/j.cedpsych.2020.101861 

[60] Charli, M.S., Eshete, S.K. and Debela, K.L. (2022) Learning How Research Design 
Methods Work: A Review of Creswell’s Research Design: Qualitative, Quantitative 
and Mixed Methods Approaches. The Qualitative Report, 27, 2956-2960.  
https://doi.org/10.46743/2160-3715/2022.5901 

[61] Ghanad, A. (2023) An Overview of Quantitative Research Methods. International 
Journal of Multidisciplinary Research and Analysis, 6, 3794-3803.  
https://doi.org/10.47191/ijmra/v6-i8-52 

[62] Kang, H. (2021) Sample Size Determination and Power Analysis Using the G*power 
Software. Journal of Educational Evaluation for Health Professions, 18, Article No. 
17. https://doi.org/10.3352/jeehp.2021.18.17 

[63] Murayama, K., Usami, S. and Sakaki, M. (2022) Summary-Statistics-Based Power 

https://doi.org/10.4236/jcc.2026.143006
https://doi.org/10.3390/su13073819
https://doi.org/10.2139/ssrn.4513237
https://doi.org/10.3389/fgene.2023.1081812
https://doi.org/10.4018/joeuc.344453
https://doi.org/10.33423/jop.v22i2.5168
https://www.econstor.eu/bitstream/10419/238052/1/Schoentgen-Wilkinson.pdf
https://doi.org/10.1177/8756479320976130
https://www.techtarget.com/searchdatamanagement/tip/Use-these-steps-to-successfully-build-your-data-culture
https://www.techtarget.com/searchdatamanagement/tip/Use-these-steps-to-successfully-build-your-data-culture
https://doi.org/10.4018/978-1-7998-7872-8.ch004
https://doi.org/10.3390/electronics11213540
https://doi.org/10.1016/j.cedpsych.2020.101861
https://doi.org/10.46743/2160-3715/2022.5901
https://doi.org/10.47191/ijmra/v6-i8-52
https://doi.org/10.3352/jeehp.2021.18.17


D. S. W. Nguyen, T. Ennoure 
 

 

DOI: 10.4236/jcc.2026.143006 131 Journal of Computer and Communications 
 

Analysis: A New and Practical Method to Determine Sample Size for Mixed-Effects 
Modeling. Psychological Methods, 27, 1014-1038.  
https://doi.org/10.1037/met0000330 

[64] Zaleski, S. and Michalski, R. (2021) Success Factors in Sustainable Management of IT 
Service Projects: Exploratory Factor Analysis. Sustainability, 13, Article No. 4457.  
https://doi.org/10.3390/su13084457 

[65] Arkes, J. (2022) Regression Analysis Basics. In: Arkes, J., Ed., Regression Analysis, 
Routledge, 12-50. https://doi.org/10.4324/9781003285007-2 

[66] Golzar, J., Noor, S. and Tajik, O. (2022) Convenience Sampling. International Journal 
of Education & Language Studies, 1, 72-77. 

[67] Hossan, D., Dato’ Mansor, Z. and Jaharuddin, N.S. (2023) Research Population and 
Sampling in Quantitative Study. International Journal of Business and Technopre-
neurship, 13, 209-222. https://doi.org/10.58915/ijbt.v13i3.263 

[68] Rea, A., Marshall, K. and Farrell, D. (2021) Capability of Web-Based Survey Software: 
An Empirical Review. American Journal of Business, 37, 1-13.  
https://doi.org/10.1108/ajb-07-2019-0058 

[69] Shenhar, A.J., Dvir, D., Levy, O. and Maltz, A.C. (2001) Project Success: A Multidi-
mensional Strategic Concept. Long Range Planning, 34, 699-725.  
https://doi.org/10.1016/s0024-6301(01)00097-8 

[70] Ciric Lalic, D., Lalic, B., Delić, M., Gracanin, D. and Stefanovic, D. (2022) How Pro-
ject Management Approach Impact Project Success? From Traditional to Agile. In-
ternational Journal of Managing Projects in Business, 15, 494-521.  
https://doi.org/10.1108/ijmpb-04-2021-0108 

[71] Mangla, S.K., Raut, R., Narwane, V.S., Zhang, Z. and priyadarshinee, P. (2020) Me-
diating Effect of Big Data Analytics on Project Performance of Small and Medium 
Enterprises. Journal of Enterprise Information Management, 34, 168-198.  
https://doi.org/10.1108/jeim-12-2019-0394 

[72] Piršl, E., Drandić, D. and Matošević, A. (2022) Cultural Intelligence. Medijske Studije, 
13, 90-105. https://doi.org/10.20901/ms.13.25.5 

[73] Zhang, G. (2022) Applications of Social Attribution Theory in XAI. Proceedings, 81, 
101. https://doi.org/10.3390/proceedings2022081101 

[74] Parasuraman, A. and Colby, C.L. (2014) An Updated and Streamlined Technology 
Readiness Index: TRI 2.0. Journal of Service Research, 18, 59-74.  
https://doi.org/10.1177/1094670514539730 

[75] Günaltay, M.M., Önder, Ö.R. and Özgür, E.G. (2023) Measuring Technology Readi-
ness Index Level: Scale Adaption Study. Mehmet Akif Ersoy Üniversitesi İktisadi ve 
İdari Bilimler Fakültesi Dergisi, 11, 51-65.  
https://doi.org/10.30798/makuiibf.1097662 

[76] Bateni, M., Chen, Y., Ciocan, D.F. and Mirrokni, V. (2022) Fair Resource Allocation 
in a Volatile Marketplace. Operations Research, 70, 288-308.  
https://doi.org/10.1287/opre.2020.2049 

[77] Delone, W.H. and McLean, E.R. (2003) The DeLone and McLean Model of Infor-
mation Systems Success: A Ten-Year Update. Journal of Management Information 
Systems, 19, 9-30. 

[78] Saltz, J.S. and Krasteva, I. (2022) Current Approaches for Executing Big Data Science 
Projects—A Systematic Literature Review. PeerJ Computer Science, 8, e862.  
https://doi.org/10.7717/peerj-cs.862 

[79] Hussein, B., Gudmundsson, J. and Klakegg, O.J. (2021) Resource Planning in Digital 

https://doi.org/10.4236/jcc.2026.143006
https://doi.org/10.1037/met0000330
https://doi.org/10.3390/su13084457
https://doi.org/10.4324/9781003285007-2
https://doi.org/10.58915/ijbt.v13i3.263
https://doi.org/10.1108/ajb-07-2019-0058
https://doi.org/10.1016/s0024-6301(01)00097-8
https://doi.org/10.1108/ijmpb-04-2021-0108
https://doi.org/10.1108/jeim-12-2019-0394
https://doi.org/10.20901/ms.13.25.5
https://doi.org/10.3390/proceedings2022081101
https://doi.org/10.1177/1094670514539730
https://doi.org/10.30798/makuiibf.1097662
https://doi.org/10.1287/opre.2020.2049
https://doi.org/10.7717/peerj-cs.862


D. S. W. Nguyen, T. Ennoure 
 

 

DOI: 10.4236/jcc.2026.143006 132 Journal of Computer and Communications 
 

Projects: Challenges and Success Factors. International Journal of Managing Projects 
in Business, 14, 901-923. 

[80] Vergara, J., Botero, J. and Fletscher, L. (2023) A Comprehensive Survey on Resource 
Allocation Strategies in Fog/Cloud Environments. Sensors, 23, Article No. 4413.  
https://doi.org/10.3390/s23094413 

[81] Darandari, E. and Khayat, S. (2023) Psychometric Properties of the Cultural Intelli-
gence Scale Based on Item Response Theory. International Journal of Selection and 
Assessment, 32, 108-137. https://doi.org/10.1111/ijsa.12451 

[82] Greischel, H., Zimmermann, J., Mazziotta, A. and Rohmann, A. (2021) Validation of 
a German Version of the Cultural Intelligence Scale. International Journal of Inter-
cultural Relations, 80, 307-320. https://doi.org/10.1016/j.ijintrel.2020.10.002 

[83] Wahi, N.S.A. and Berényi, L. (2023) Applicability of Technology Adoption Propensity 
Instrument for Public Administration Students. Multidiszciplináris Tudományok, 13, 
3-11. https://doi.org/10.35925/j.multi.2023.1.1 

[84] George, D. and Mallery, P. (2024) IBM SPSS Statistics 29 Step by Step. Routledge.  
https://doi.org/10.4324/9781032622156 

[85] Forero, C.G. (2023) Cronbach’s Alpha. In: Maggino, F., Ed., Encyclopedia of Quality 
of Life and Well-Being Research, Springer International Publishing, 1505-1507.  
https://doi.org/10.1007/978-3-031-17299-1_622 

[86] Kang, E. (2023) The Importance of Anonymity and Confidentiality for Conducting 
Survey Research. Journal of Research Publication Ethics, 4, 1-7. 

[87] Wiggers, K. (2020) Why Do 87% of Data Science Projects Never Make It into Pro-
duction? VentureBeat.  
https://venturebeat.com/2019/07/19/why-do-87-of-data-science-projects-never-
make-it-into-production 

[88] Al-Sai, Z.A., Abdullah, R. and Husin, M.H. (2020) Critical Success Factors for Big 
Data: A Systematic Literature Review. IEEE Access, 8, 118940-118956.  
https://doi.org/10.1109/access.2020.3005461 

[89] Malle, B.F. (2022) Attribution Theories. In: Theories in Social Psychology, 2nd Edi-
tion, Wiley, 93-120. 

[90] Chapman, P., Clinton, J., Kerber, R., Khabaza, T., Reinartz, T., Shearer, C. and Wirth, 
R. (2023) CRISP-DM 1.0: Step-by-Step Data Mining Guide. Semantic Scholar.  
https://www.semanticscholar.org/paper/CRISP-DM-1.0%3A-Step-by-step-data-
mining-guide-Chapman-Clinton/54bad20bbc7938991bf34f86dde0babfbd2d5a72 

[91] Bollineni, S. (2024) AI-Driven Automation in Devops: Explore How Artificial Intel-
ligence and Machine Learning Can Enhance Automation in Devops. Journal of Arti-
ficial Intelligence, Machine Learning and Data Science, 2, 1295-1298.  
https://doi.org/10.51219/jaimld/satyadeepak-bollineni/296 

[92] Huang, Y., Shi, Q., Zuo, J., Pena-Mora, F. and Chen, J. (2021) Research Status and 
Challenges of Data-Driven Construction Project Management in the Big Data Con-
text. Advances in Civil Engineering, 2021, Article ID: 6674980.  
https://doi.org/10.1155/2021/6674980 

[93] Pai, A.U. (2025) Agile Data Science: How Scrum Masters Can Drive Data-Driven 
Projects. European Journal of Computer Science and Information Technology, 13, 
58-67. https://doi.org/10.37745/ejcsit.2013/vol13n445867 

[94] Pratama, I.N., Dachyar, M. and Pratama, N.R. (2023) Optimization of Resource Al-
location and Task Allocation with Project Management Information Systems in In-
formation Technology Companies. TEM Journal, 12, 1814-1824.  

https://doi.org/10.4236/jcc.2026.143006
https://doi.org/10.3390/s23094413
https://doi.org/10.1111/ijsa.12451
https://doi.org/10.1016/j.ijintrel.2020.10.002
https://doi.org/10.35925/j.multi.2023.1.1
https://doi.org/10.4324/9781032622156
https://doi.org/10.1007/978-3-031-17299-1_622
https://venturebeat.com/2019/07/19/why-do-87-of-data-science-projects-never-make-it-into-production
https://venturebeat.com/2019/07/19/why-do-87-of-data-science-projects-never-make-it-into-production
https://doi.org/10.1109/access.2020.3005461
https://www.semanticscholar.org/paper/CRISP-DM-1.0%3A-Step-by-step-data-mining-guide-Chapman-Clinton/54bad20bbc7938991bf34f86dde0babfbd2d5a72
https://www.semanticscholar.org/paper/CRISP-DM-1.0%3A-Step-by-step-data-mining-guide-Chapman-Clinton/54bad20bbc7938991bf34f86dde0babfbd2d5a72
https://doi.org/10.51219/jaimld/satyadeepak-bollineni/296
https://doi.org/10.1155/2021/6674980
https://doi.org/10.37745/ejcsit.2013/vol13n445867


D. S. W. Nguyen, T. Ennoure 
 

 

DOI: 10.4236/jcc.2026.143006 133 Journal of Computer and Communications 
 

https://doi.org/10.18421/tem123-65 

[95] Ambore, A. (2022b) Efficient Job Scheduling and Resource Allocation Using Load 
Rebalancing on Big Data. 

[96] Zahaib Nabeel, M. (2024) Big Data Analytics-Driven Project Management Strategies. 
Journal of Science & Technology, 5, 117-163. https://doi.org/10.55662/jst.2024.5104 

[97] Ramavath, S. and Goel, P. (2025) Implementation of A/B Testing for Model Perfor-
mance Evaluation in Data Science Projects. International Journal of Research in 
Modern Engineering & Emerging Technology, 13.  
https://doi.org/10.63345/ijrmeet.org.v13.i1.13 

[98] Creswell, J.W. and Plano Clark, V.L. (2023) Revisiting Mixed Methods Research De-
signs Twenty Years Later. In: The Sage Handbook of Mixed Methods Research De-
sign, Sage Publications, 21-36. 

[99] Rani, G., Sharma, T. and Sharma, A. (2023) Future Database Technologies for Big 
Data Analytics. 2023 International Conference on Intelligent Systems for Communi-
cation, IoT and Security (ICISCoIS), Coimbatore, 9-11 February 2023, 349-354.  
https://doi.org/10.1109/iciscois56541.2023.10100525 

https://doi.org/10.4236/jcc.2026.143006
https://doi.org/10.18421/tem123-65
https://doi.org/10.55662/jst.2024.5104
https://doi.org/10.63345/ijrmeet.org.v13.i1.13
https://doi.org/10.1109/iciscois56541.2023.10100525

	Institutional Factors That Impact the Success of Big Data Science Projects
	Abstract
	Keywords
	1. Introduction
	1.1. Statement of the Problem
	1.2. Purpose of the Study
	1.3. Research Questions and Hypotheses

	2. Literature Review
	2.1. Evolution of Big Data Science
	2.2. Importance of Big Data Projects in Modern Institutions
	2.3. Common Challenges in Big Data Science Projects
	2.4. Volume and Variety of Data
	2.5. Technological Integration
	2.6. Data Management and FAIR Principles
	2.7. Interdisciplinary Collaboration
	2.8. Factors Impacting Big Data Science Project Success
	2.8.1. Cultural Differences
	2.8.2. The Role of Cultural Diversity in Big Data Science Teams
	2.8.3. Managing Cultural Differences in Big Data Science Projects


	3. Methodology
	3.1. Data Collection
	3.2. Scope
	3.3. Research Questions and Hypotheses
	3.4. Population and Sample
	3.4.1. Population
	3.4.2. Sample Size and Power Analysis
	3.4.3. Sampling Method

	3.5. Instrumentation
	3.5.1. Project Success
	3.5.2. Cultural Differences
	3.5.3. Technological Changes
	3.5.4. Resource Allocation

	3.6. Variable/Construct
	3.6.1. Project Success
	3.6.2. Cultural Differences
	3.6.3. Technological Changes
	3.6.4. Resource Allocation


	4. Results
	4.1. Data Preparation and Screening
	4.1.1. Data Cleaning and Case Exclusion
	4.1.2. Variable Coding and Scoring
	4.1.3. Data Screening and Assumptions Testing

	4.2. Population and Sample
	4.2.1. Sample Characteristics and Demographics
	4.2.2. Comparison with a Priori Sample Size 

	4.3. Descriptive Statistics
	4.3.1. Measures of Central Tendency
	4.3.2. Variability and Range 

	4.4. Reliability Analysis
	4.5. Data Collection
	4.6. Results of Research Question One
	4.7. Results of Research Question Two
	4.8. Results of Research Question Three
	4.9. Limitations of the Study

	5. Conclusion
	5.1. Findings
	5.2. Research Questions
	5.2.1. Discussion: Research Question One
	5.2.2. Discussion: Research Question Two 
	5.2.3. Discussion: Research Question Three 

	5.3. Limitations of the Study
	5.4. Methodological Limitations
	5.5. Measurement Limitations
	5.6. Control Variables: Justification and Recommendations
	5.7. Common-Method Bias Mitigation and Assessment
	5.8. Operationalization of Project Success
	5.9. Justification for Self-Reported Measures
	5.10. Recommendations for Future Research
	5.11. Current Analysis Approach
	5.12. Recommendation for Alignment
	5.13. Conclusions

	Conflicts of Interest
	References

