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Abstract 
The primary objective of this paper is to explore the impact of business intelligence 
applications on supply chain risk management through a sample obtained from the Jordanian 
industrial companies sector. To achieve the research objectives, 185 questionnaires were 
collected and analyzed using partial least squares-structural equation modeling (PLS-SEM). It 
was concluded that all proposed hypotheses were acceptable and supported, as there was a 
strong and positive impact of business intelligence applications on all supply chain risk 
management practices. Based on this, a set of theoretical and practical recommendations was 
developed to contribute to enhancing the effectiveness of supply chain risk management. 
Keywords: Business Intelligence, Supply Chain Risk Management, Descriptive Analytics, 
Predictive Analytics, Perspective Analytics  
 
Introduction 
In a business environment characterized by uncertainty and ambiguity, focusing on risk 
management and assessment has become a critical requirement (Emrouznejad et al., 2023). 
With the increasing dynamism of markets, fluctuations in supply and demand (Al-Khatib and 
Ramayah, 2025), radical changes in consumer tastes, and increased competitiveness (Jia et 
al., 2025), these factors have created a set of challenges and disruptions that have led to 
increased risks (Ke et al., 2025), disrupting the structure of many industries (Lee and Moon, 
2025). 
 
Over the past period, numerous challenges and crises, such as the COVID-19 pandemic and 
geopolitical and military unrest, have played a significant role in devoting additional efforts 
to understanding crisis management in supply chains (Wang et al., 2025). Frequent supply 
chain disruptions and associated problems, such as shortages of food and essential supplies, 
have negatively impacted global trade and the economies of countries around the world (Hsu, 
2025). 
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Previous studies, such as (Guo et al., 2025), have confirmed that supply chain risk 
management is a key resource in the strategic decision-making process within the supply 
chain. Supply chain risk management helps identify potential risks that managers may face 
(Fernandes Lima et al., 2025), then assess the negative impacts of these risks (Okika et al., 
2025), develop methods for dealing with and confronting these risks, and finally mitigate the 
damage caused by these risks (Löffel et al., 2025). There are many sources of risk that can 
arise in the supply chain. According to a study (Okika et al., 2025), supply chain risks can be 
divided into operational risks, which relate to the risks of failure and interruptions in supply 
chain operations; environmental risks, which relate to the risks arising from the use of 
processes that have negative environmental impacts; logistical risks, which relate to risks in 
the logistics network and supplier selection; and financial and technological risks. 
 
Companies' use of robust technological systems can help them make appropriate decisions 
and improve the business value of various activities, thus achieving competitive advantages 
(Guo et al., 2025). In recent years, the concept of business intelligence has evolved, referring 
to the use of smart and advanced technologies in decision support systems and business data 
analysis (El Baz et al., 2023). This concept is described as a set of technologies, infrastructure, 
skills, and policies that companies possess and use to improve their operations and decisions. 
There are many technologies associated with this concept, perhaps the most important of 
which are: big data analytics, artificial intelligence, the Internet of Things, and cloud 
computing (Al-Khatib, 2025). These technologies also help analyze, process, and collect data 
and create complex scenarios (Kahya et al., 2025), helping managers and decision-makers 
make informed and rational decisions that help improve supply chain performance. 
 
The relationship between business intelligence applications and supply chain risk 
management has been previously discussed in several studies (Žigienė et al., 2022). These 
technologies help detect and identify potential risks (Aljaafreh et al., 2024), and then propose 
ways to address and avoid these risks. Therefore, the use of these technologies helps reduce 
risks in the supply chain and manage them properly and in real time. 
 
Based on previous research gaps, it can be said that the primary objective of this study is to 
explore the impact of business intelligence applications on supply chain risk management. 
The Jordanian industrial sector is considered one of the most important economic sectors in 
Jordan (Al-Khatib, 2025). Over the past years, these companies have been exposed to 
numerous challenges and risks that have diminished their competitiveness (Al-Shboul, 2023). 
Therefore, it is important to understand how artificial intelligence applications can enhance 
supply chain risk management. Business intelligence applications help transition from the 
traditional supply chain concept to a digital supply chain (Al-Khatib et al., 2024), which is more 
capable of mitigating supply chain risks. Therefore, Jordanian industrial companies' reliance 
on such applications can reduce risks. 
 
Literature Review and Hypotheses Development 
Business Intelligence 
In light of the digital transformation facing companies and business organizations, the shift 
toward optimal digital practices has become a fundamental requirement for achieving 
competitive advantage (Pal, 2025). Digital strategies and the shift toward digitization help 
achieve many organizational benefits (Contuzzi et al., 2025), making companies more capable 
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of innovation (Moh’d Anwer, 2025) and enhancing manufacturing, marketing, and 
production, enabling them to lead industries and markets toward the highest possible 
performance standards (Zanardo et al., 2025). 
 
With the significant development witnessed in the business arena, particularly the advanced 
adoption of digital technologies (Al-Khatib, 2022), these technologies have provided 
companies with the dynamic ability to sense, seize, exploit, and transform opportunities into 
unprecedented new business value (Tran et al., 2025). Understanding, adopting, and 
developing these technologies enables companies to provide new approaches to problem-
solving and develop innovative tools used in developing new products or services that reflect 
the company's progress in adopting digital technology. 
 
Business analytics and business intelligence are among the most popular and widely used 
applications in light of the digital transformation of companies (Contuzzi et al., 2025). 
Business intelligence has been one of the most studied and researched fields in recent years 
(Aljaafreh et al., 2024), given its significant importance in providing a wide range of 
technologies, such as big data analytics and artificial intelligence (Al-Khatib and Ramayah, 
2025), which can be used to improve company activities and enhance operational efficiency. 
Furthermore, these applications can be used to explore new, unexplored patterns in data, 
enabling companies to identify the best opportunities and reduce costs (Aljaafreh et al., 
2024). Furthermore, these applications help companies develop innovative solutions to 
problems or develop products and innovations that help companies achieve higher returns 
(Pal, 2025). Business intelligence can be defined as "technologies used to identify, extract, 
and analyze data generated in the business environment, with the aim of extracting 
knowledge from events occurring within organizations. Some of these techniques rely on 
applying data mining algorithms to the amount of information generated in the business" 
(Eboigbe et al., 2023). 
 
The use of powerful technological systems by companies can help them make appropriate 
decisions and improve the business value of various activities, thus achieving competitive 
advantages (Guo et al., 2025). In recent years, the concept of business intelligence has 
evolved, referring to the use of smart and advanced technologies in decision support systems 
and business data analysis (El Baz et al., 2023). This concept is described as a set of 
technologies, infrastructure, skills, and policies that companies possess and use to improve 
their operations and decisions. 
 
There are many technologies associated with this concept, perhaps the most important of 
which are: big data analytics, artificial intelligence, the Internet of Things, and cloud 
computing (Al-Khatib, 2025). These technologies also help analyze, process, and collect data 
and create complex scenarios (Kahya et al., 2025), helping managers and decision-makers 
make informed and rational decisions that help improve supply chain performance. 
In this study, business intelligence applications were identified through a set of stages used 
in data-driven decision-making: 
 
1- Descriptive analytics: This is described as the use of descriptive analyses such as graphs, 
data summarization, and tables to provide an easy-to-read method (Parrales-Bravo et al., 
2025). In other words, descriptive analytics aims to understand a phenomenon through 
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historical readings (Roy et al., 2022). 2- Predictive analytics: This is described as the use of 
advanced statistical and mathematical methods to analyze historical data with the aim of 
predicting or understanding future events (Oyewole et al., 2024). This stage of analysis 
focuses on understanding future events based on past and existing events. 
3- Prescriptive analytics: This refers to the use of optimization and simulation methods to 
improve decision-making methods (Tariq, 2023). This stage of analysis utilizes advanced and 
complex statistical and mathematical methods to arrive at optimal solutions (Margaritis et al., 
2022). Business intelligence applications are primarily related to how data analysts handle 
data, particularly big data (Sartzetaki et al., 2025), and exploit it to enhance business activities 
and operations. In other words, business intelligence is nothing but the methods, 
philosophies, and technologies that can be relied upon in the process of collecting, 
processing, and analyzing data to produce useful, high-quality information (Sekhar et al., 
2020). This information can be used to reduce uncertainty, enhance efficiency, and reduce 
waste and costs. Although the current study focuses on three types of business analytics: 
descriptive, predictive, and prescriptive analytics, the applications and types of technologies 
that can be placed within the context of business intelligence are diverse (Margaritis et al., 
2022). The use of artificial intelligence and the Internet of Things is considered extremely 
important in enhancing business analytics (Sartzetaki et al., 2025). Furthermore, companies' 
access to cloud computing technology enhances the effectiveness of business intelligence. 
Through the use of big data analytics, rich and new information can be obtained that 
enhances innovation, improves performance, and reduces uncertainty and risk (Stefanovic et 
al., 2025). Given that the business environment is more complex than ever, business 
intelligence technology requires the ability to analyze data quickly, on a large scale, with 
greater intelligence and efficiency. This requires significant investment in infrastructure. 
 
Supply Chain Risk Management 
Recently, sudden and urgent changes in business environments have undoubtedly become a 
major threat to the sustainability of global supply chains (Sun et al., 2025). With increasing 
dynamic complexities, increased global competitive pressures, and the emergence of a set of 
unprecedented challenges such as the COVID-19 pandemic (Zhou et al., 2025), supply chain 
risks have become more complex and more impactful on supply chain operations than ever 
before. A supply chain risk can be defined as an event or set of events that occur within the 
supply chain and have a direct or indirect negative impact on its operations (Zhang et al., 
2025). In other words, a risk relates to a threat or disruption that may lead to delayed delivery 
of orders, an increase in the supply-demand gap, failure to deliver raw materials (Mobo et al., 
2025), or financial or environmental failure (Lopes, 2022). Based on this, it can be said that 
supply chain risks reduce the capacity of the supply chain, rendering it unable to meet 
customer demands or fulfill key business requirements (Kafou et al., 2025). The concept of 
supply chain risk management has attracted significant attention from researchers in recent 
years (Rajendran et al., 2025). With the increase in global disruptions and challenges that 
directly impact global supply chains, supply chain risk management has become one of the 
key pillars used by companies to ensure the continuity and sustainability of their businesses 
(Ramadhan et al., 2025). 
 
Supply chain risk management has been defined from several theoretical perspectives. El Baz 
and Ruel (2021) defined it as a set of strategies implemented by companies to reduce risk in 
the supply chain and control bottlenecks that occur in logistics network activities. This 
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definition relies on the premise that supply chain risk management relies on strategies 
capable of overcoming the threats surrounding it. Alternatively, supply chain risk 
management can be viewed as a multi-step, systems-based approach (Birkel and Müller, 
2025) that relies on integrated and sequential stages to overcome risks or threats, or at least 
minimize significant negative impacts on the supply chain (Long and Feng, 2025). Referring to 
previous studies on supply chain risk management (Fan and Chen, 2025), effective risk 
management enables the supply chain to prepare for and respond to risks, then absorb and 
mitigate their negative impacts. Companies adopting effective supply chain risk strategies 
gives them high risk resilience capabilities (Xixi et al., 2025), thus mitigating the severity and 
impact of the risk to a manageable level (Chen et al., 2025). Based on this, companies can 
reduce their losses or costs associated with these threats (Fan and Chen, 2025). Furthermore, 
the importance of supply chain risk management is evident not only in mitigating risks, but 
also in ensuring the supply chain is continuously prepared to confront any threat or 
emergency change in the supply chain (Xixi et al., 2025). This means that companies with 
supply chain risk management are able to strengthen their competitive position and better 
understand the market and its dynamics than other competitors. Supply chain risks arise from 
multiple sources. As the supply chain environment becomes more complex and the number 
of suppliers, manufacturers, retailers, and wholesalers increases (Fan and Chen, 2025), 
problems and differences between supply chain operations become more apparent, 
increasing the likelihood of threats or disruptions that could eventually develop into potential 
risks affecting supply chain operations (Chen et al., 2025). Therefore, it is essential for 
managers to identify sources of risk and explore ways to deal with unreliable suppliers or 
more volatile markets, which impact supply chain operations and may pose a threat to their 
continuity if these risks are not addressed in real time (Santos and Marques, 2024). 
 
In this study, supply chain risk management is classified into four phases: identifying supply 
chain risks, assessing supply chain risks, responding to supply chain risks, and mitigating 
supply chain risks. 1- Supply Chain Risk Identification 
In this stage, a set of analyses are conducted on the company's data to identify the sources of 
risk (Tessitore et al., 2023). This stage focuses on identifying any potential risk in the supply 
chain. 
 
2- Supply Chain Risk Assessment 
In this stage, the impact of potential risks on the supply chain is assessed (Santos and 
Marques, 2024). During this stage, the actual weights or levels of impact of each risk are 
evaluated, thus focusing on the risks with the greatest impact on supply chain operations 
(Chen et al., 2025). 
3- Responding to Supply Chain Risks 
In the third stage of supply chain risk management, plans and strategies are developed to 
address these risks (El Baz and Ruel, 2021). These include allocating resources appropriately, 
introducing new products, implementing financial hedging strategies, and other strategies 
that can be used to address risks (Tessitore et al., 2023). 
4- Mitigating Supply Chain Risks 
In the final stage of supply chain risk management, the focus is on mitigating or reducing the 
negative impacts of risks (El Baz et al., 2023) by restoring the original state of the supply chain 
before the risks emerged. This stage thus helps transform risks into normal events that can 
be easily managed. 
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The Relationship between Business Intelligence Applications and Supply Chain Risk 
Management 
With the increasing risks in supply chains and the increasing negative impact on all logistics 
activities, business intelligence applications have emerged as promising tools for enhancing 
risk management in the context of supply chains (Chen et al., 2025). Business intelligence 
applications help analyze data and extract new insights (Al-Khatib and Khattab, 2024), 
enabling managers to identify and assess risks proactively, in real time, and accurately (Al-
Khatib, 2025). 
 
Business intelligence applications can also be used to control risks by developing radical and 
proactive solutions to threats and disruptions facing companies, thereby enhancing 
operational efficiency (Birkel and Müller, 2025). Business intelligence applications help detect 
and identify potential risks (Aljaafreh et al., 2024) and then propose ways to address and avoid 
these risks. Therefore, using these technologies helps reduce and manage supply chain risks 
properly and in real time. 
 
From the above, it can be said that business intelligence applications have many promising 
advantages in the future (Al-Khatib and Ramayah, 2025), which can enhance companies' 
capabilities, make them more responsive to urgent and sudden changes, and enable them to 
compete and survive in turbulent environments (Al-Khatib, 2025). This makes business 
intelligence applications a strategic tool capable of bridging and addressing many of the gaps 
that may arise due to pressures or threats arising from competitive complexities and 
geopolitical and logistical issues (Santos and Marques, 2024). 
 
From the above, the following hypotheses were proposed: 
H1: Business intelligence applications have a positive impact on supply chain risk 
identification. H2: Business intelligence applications have a positive effect supply chain risk 
assessment. 
H3: Business intelligence applications have a positive effect supply chain risk response. 
H4: Business intelligence applications have a positive effect supply chain risk mitigation. 
 
Research Methods 
To address the research objectives and test the hypotheses, we relied on a quantitative 
approach (Sekaran, 2016), which is considered the most appropriate for addressing causal 
relationships as they are developed in the context of this research (Wilson, 2014). 
Quantitative inference provides effective and accurate methods for addressing the 
hypothesized relationships in research models. Therefore, through the use of statistical and 
mathematical tools that support the quantitative approach, generalizable and reliable results 
can be reached. 
 
Research Sample 
Due to the nature of the study, which primarily focuses on research into supply chain risk 
management, the industrial sector is the most appropriate sector for this research. Therefore, 
the Jordanian industrial sector was chosen to represent the study sample. The Jordanian 
industrial sector is considered one of the most important economic sectors in Jordan (Al-
Khatib, 2025). Over the past years, these companies have been exposed to numerous 
challenges and risks that have reduced their competitiveness (Al-Shboul, 2023). Therefore, it 
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is important to understand how artificial intelligence applications can enhance supply chain 
risk management. 
 
The Jordanian industrial sector includes a wide range of activities and sub-industries, such as 
pharmaceuticals, food, plastics, and cosmetics. To achieve the research objectives, 589 
industrial companies were contacted, 245 responded, and only 185 questionnaires were 
returned, representing a 72.8% response rate. 
The questionnaire was distributed during the first quarter of 2025. After verifying the 
responses, 185 questionnaires were used for statistical analysis. Table 1 illustrates the 
demographic characteristics of the respondents. 
 
Table 1  
Descriptive statistics of demographic variables  

 
Measures 
The questionnaire was designed based on similar empirical studies that use such variables. 
This procedure is considered appropriate and suitable for exploratory and predictive studies 
(Hair et al., 2019). Items were derived and adapted to suit the context of the research sample. 
The items used in the questionnaire were translated into Arabic after being modified and 
reviewed by experts in the field. They were then distributed to respondents. The type of scale 
used was reflective, using a five-point Likert scale. Therefore, the distribution of responses 
was as follows: (1 = strongly disagree - 5 = strongly agree). 
Table 2 shows the questionnaire used in this study. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Characteristics Category No. % 

Gender 
 Males 108 58 

Females 77 42 

Education 

Bachelor's or less 121 65 

Master  59 32 

PhD 5 3 

Years of experience  

Less than 5 years 53 29 

5- less than 10 50 27 

10-less than 15 37 20 

Above 15 years 45 24 

Total 185 100 
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Table (2) 
Measure items  

Source Item Item code Construct 

( Al-
khatib,2025) 

The company uses descriptive analytics to 
summarize data. 

DA1 

Descriptive 
analytics  

The company relies on dashboards for real-time 
decision-making. 

DA2 

The company supports the use of descriptive 
analytics because of its ability to enhance 
understanding of performance indicators and 
measurements. 

DA3 

The company adopts the use of software such as 
Excel, Power BI, or Tableau to represent and 
summarize data. 

DA4 

(Al-khatib,2025) 

The company uses advanced forecasting models 
to identify future trends. 

PD1 

Predictive 
analytics  

The company is dedicated to adopting and 
utilizing advanced analytical methods, such as 
machine learning, when forecasting supply and 
demand. 

PD2 

The company recognizes the importance of 
predictive analytics in planning and resource 
allocation. 

PD3 

Senior management supports employee training 
in software focused on the use of predictive 
methods in data analysis. 

PD4 

(Al-khatib and 
Ramayah,2025) 

The company supports the use of simulation and 
optimization models in data analysis. 

PA1 

Perspective 
analytics  

The company relies on advanced methods such as 
Solver and Gurobi in its decision-making process. 

PA2 

The company supports the use of heuristic 
analytics in strategic and tactical decision-making. 

PA3 

The company recognizes the importance of 
heuristic analytics in the planning and resource 
allocation process. 

PA4 

Heuristic analytics are integrated with other 
analyses to achieve high-quality decisions. 

PA5 

( El Baz and 
Ruel,2021) 

The company has clear procedures for identifying 
supply chain risks. 

SCRI1 

Supply chain 
risk 
identification  

The risk identification process involves various 
departments (such as purchasing and logistics). 

SCRI2 

The company proactively monitors external 
sources that may pose a threat or risk. 

SCRI3 

The company's suppliers are required to report 
any potential risks. 

SCRI4 

( El Baz and 
Ruel,2021) 

The company assesses risks based on their 
likelihood and impact. 

SCRA1 Supply chain 
risk 
assessment  

The company implements a formal risk scoring or 
rating system. 

SCRA2 
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Data Analysis 
To achieve the objectives of this study, which are based on a set of four hypotheses, the 
partial least squares-structural equation modeling (PLS-SEM) was used (Ringle et al., 2024). 
This approach can be considered effective and appropriate for analyzing exploratory and 
predictive relationships (Magno et al., 2024) and for multivariate analysis (Hair et al., 2019). 
PLS-SEM provides a measurement model that is used to verify both reliability and validity 
(Ringle et al., 2024), while hypotheses are tested using the bootstrapping approach using a 
structural model to estimate causal relationships (Streukens and Leroi-Werelds, 2016). 
Therefore, based on the above, it can be argued that using statistical methods based on this 
approach to estimate relationships, particularly the complex causal relationships found in 
mediation and adjusted models, provides stronger and more robust inferential support (Hair 
et al., 2021). Literature such as Ringle et al., 2024, confirms that PLS-SEM is a tool with 
recognized capabilities in dealing with data sets that do not meet the criteria for normality or 
contain extreme values. This provides the ability to address statistical problems that may arise 
due to heterogeneity in the data (Hair et al., 2021). Given the nature of the survey data 
obtained in this study, which suffers from non-normality (Cain et al., 2017), especially when 
examining multivariate normality (Ringle et al., 2024), moving beyond traditional analytical 
methods and tools and using flexible analytical methods such as PLS-SEM is a good option and 
is consistent with the research objectives that focus on understanding phenomena and 
explaining the variations in dependent variables (Magno et al., 2024).  
 
The Measurement Model 
Reliability, convergent, and discriminant validity can be measured through the measurement 
model (Hair et al., 2021). In this step, the psychometric properties of the items used to form 
the constructs are explored. According to statistical recommendations (Ringle et al., 2024), 
the structural model cannot be tested until all assumptions related to the measurement 

The company continuously reviews its supply 
chain risk assessments. 

SCRA3 

Suppliers are periodically assessed and their 
activities are assessed for their potential impact 
on the company. 

SCRA4 

( El Baz and 
Ruel,2021) 

The company has contingency plans in place to 
address major supply chain disruptions. 

SCRR1 

Supply chain 
risk response  

Response strategies are well-shared across teams. SCRR2 

We categorize risks into avoidable, transferable, 
and tolerable. 

SCRR3 

The company responds quickly and decisively to 
disruptions. 

SCRR4 

( El Baz and 
Ruel,2021) 

The company has innovative strategies to 
mitigate supply chain risks. 

SCRM1 

Supply chain 
risk mitigation  

The company utilizes its various resources to 
mitigate supply chain risks. 

SCRM2 

The company works to strengthen its strategic 
relationships with suppliers and leverage them 
during times of disruption and risk. 

SCRM3 

The company focuses on measuring the 
effectiveness of its supply chain risk management 
strategies. 

SCRM4 
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model have been met (Magno et al., 2024). Looking at Table (3), it is clear that the average 
variance extracted AVE test was used to measure convergent validity, and since the values 
exceeded 0.5, this confirms that convergent validity is of acceptable quality across the 
constructs (Hair et al., 2019). In addition to what was previously reported, the factor loading 
values were generally higher than 0.7, which supports their ability to explain the variance 
occurring in the constructs (Sarstedt et al., 2022). On the other hand, the constructs were 
reliable, as they reached Cronbach's alpha and composite reliability values reached the 
acceptable limits of 0.70. 
 
Table (3) 
Reliability and Convergent Validity 

The HTMT criterion was used to determine the extent to which discriminant validity was 
achieved (Roemer et al., 2021), as discriminant validity expresses the extent of empirical 
difference between constructs, assuming there is a theoretical difference between them. 
Since the HTMT values did not exceed 0.90, it can be said that the discriminant validity 
assumptions were achieved (Hair et al., 2019), as shown in Table (4). 
 
 
 
 
 

First-order construct  Item Factor loading AVE CR α VIF  

Descriptive analytics  

DA1 0.764 

0.506 0.863 0.785 

 
 
 
1.639 

DA2 0.793 

DA3 0.887 

DA4 0.895 

Predictive analytics    

PD1 0.709 

0.736 0.843 0.763 

 
1.848 PD2 0.744 

PD3 0.861 

PD4 0.798 

Perspective analytics   

PA1 0.941 

0.709 0.963 0.855 

 
 
1.320 

PA2 0.837 

PA3 0.726 

PA4 0.869 

PA5 0.939 

Supply chain risk 
identification   

SCRI1 0.695 

0.571 0.738 0.737 

 
 
2.201 

SCRI2 0.632 

SCRI3 0.985 

SCRI4 0.711 

Supply chain risk 
assessment  

SCRA1 0.708 

0.569 0.836 0.798 

1.895 

SCRA2 0.781 

SCRA3 0.770 

SCRA4 0.734 

Supply chain risk 
response  

SCRR1 0.900 

0.744 0.932 0.824 

 
 
1.258 

SCRR2 0.814 

SCRR3 0.883 

SCRR4 0.849 

Supply chain risk 
mitigation  

SCRM1 0.790 

0.669 0.847 0.710 

 
 
2.639 

SCRM2 0.825 

SCRM3 - 

SCRM4 0.768 
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Table (4) 
Discriminant validity: HTMT criterion 

  DA PD PA SCRI SCRA SCRR SCRM 

DA               

PD 0.526       

PA 0.105 0.051      

SCRI 0.852 0.236 0.777     

SCRA 0.111 0.415 0.769 0.556    

SCRR 0.325 0.365 0.325 0.730 0.366   

SCRM 0.415 0.236 0.345 0.569 0.125 0.514  

 
The Structural Model (Hypotheses Testing) 
This research focused on testing a set of positive vector hypotheses to examine the impact of 
business intelligence applications on supply chain risk management by analyzing a sample of 
respondents from Jordanian industrial companies. The bootstrapping approach was 
implemented to test relationships and generate 5,000 samples (Streukens and Leroi-Werelds, 
2016) to enhance accurate impact estimation. Before testing the research hypotheses in the 
empirical model, the model's predictive suitability was verified through R2 values. The value 
for the endogenous construct was 0.571, indicating that the model's predictive ability was 
satisfactory and reliable (Hair et al., 2019). Table (5) shows the beta and p-values that are 
used in evaluating the hypotheses, where all four hypotheses were accepted, as there was a 
positive impact of business intelligence applications on all supply chain risk management 
practices, as follows: (H1: β = 0.369, t = 6.254, p = 0.000; H2: β = 0.208, t = 2.337, p = 0.000; 
H3: β = 0.147, t = 5.655, p = 0.000; H4: β = 0.289, t = 5.160, p = 0.000). 
 
Table (5) 
Structural model results  

Hypothesis Relationship Std. Beta Std. Dev. t-value p-value Remark   

H1 BI→ SCRI 0.369 0.059 6.254 0.000 Accepted  

H2 BI→ SCRA 0.208 0.089 2.337 0.000 Accepted 

H3 BI → SCRR 0.147 0.026 5.655 0.000 Accepted 

H4 BI→ SCRM 0.289 0.056 5.160 0.000 Accepted 

 
Discussion 
This research focused on examining the impact of business intelligence applications 
(descriptive analytics, predictive analytics, and prescriptive analytics) on supply chain risk 
management in a sample of Jordanian industrial companies. 
 
The results of this research concluded that business intelligence applications have a 
significant and fundamental impact on supply chain risk management. The results confirmed 
that business intelligence applications (descriptive analytics, predictive analytics, and 
prescriptive analytics) had a positive impact on supply chain risk identification. Business 
intelligence applications help identify risks in the supply chain through data analysis (Aljaafreh 
et al., 2024), which helps identify sources of threats in the supply chain and enhances its 
ability to effectively predict, which enhances risk identification (Zhou et al., 2025). The study 
results also showed that business intelligence applications enhanced the supply chain's ability 
to effectively assess risks. Business intelligence applications had a positive impact on supply 
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chain risk assessment. These applications can be used to design and develop data-driven 
assessment methods (Sun et al., 2025), which facilitate intelligent and appropriate risk 
assessment, enabling companies to prioritize potential risks. 
 
In addition, business intelligence applications had a positive impact on responding to supply 
chain risks. This means that companies' use of business intelligence applications will help 
them develop appropriate and appropriate strategies to address risks (Aljaafreh et al., 2024) 
through innovation, rapid response, entering new markets, and reducing costs. 
Finally, business intelligence applications had a positive impact on mitigating supply chain 
risks. Therefore, using these applications will help companies reduce the costs associated with 
risks, thus reducing and mitigating their negative impacts (Sun et al., 2025). 
 
Implications and Limitations 
Theoretical and Practical Implications 
This study stands out from previous studies through its theoretical contributions, which have 
expanded the discussion about the impact of business intelligence on the global supply chain 
landscape in general and supply chain risk management in particular. 
 
First, this study presented an innovative conceptual model unexplored in previous studies, as 
previous relationships are limited in the literature. Therefore, this study was able to address 
many of the research gaps related to the use of business intelligence applications and their 
impact on supply chain risk management. 
 
Second, this study presented a set of hypotheses based on dynamic capabilities theory. 
Consequently, the current research was able to understand how supply chain risks can be 
reduced through companies' dynamic capabilities. Third: This study is one of the few studies 
that explored a new empirical context, particularly in emerging countries, where data was 
obtained from industrial companies in Jordan. Although concepts such as business 
intelligence and supply chain risk management are well-recognized and well-researched in 
developed countries, this is not true in emerging countries, where these concepts have been 
limitedly researched. This makes this study significant in the literature. 
 
In terms of practical contributions, this study recommends that managers invest in business 
intelligence applications due to their importance in reducing supply chain risks. They also 
recommend diversifying supply sources and continuously analyzing data to reduce sources of 
risk in the supply chain. They also recommend developing proactive plans to address and 
mitigate potential risks in the supply chain due to operational, logistical, and environmental 
risks. 
 
Limitations and Future Directions 
Although the current study has made substantial contributions at the theoretical and practical 
levels, it is not without limitations and limitations. First, this study was methodologically 
developed based on cross-sectional data. Therefore, some limitations may arise due to the 
data being obtained over a single period. Therefore, it is important to conduct longitudinal 
studies that take time into account. Second, the type of measures used was closed and self-
reported. Therefore, biases may appear when using this type of data collection method. 
Therefore, it is recommended to use interviews and multiple data collection methods in the 
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future. Third, the study relied on a single data collection context, namely the industrial sector. 
Therefore, it is important to consider diverse and multiple contexts, such as the health and 
financial sectors. 
 
References 
Adenekan, T. K. (2025). Revolutionizing Business Intelligence: Integrating Big Data, AI, 

Machine Learning, IoT, and Blockchain for Smarter Decision-Making. 
Ahmadi, T., Hesaraki, A.F. and Morsch, J.P.M. (2025), "Exploring IT-driven supply chain 

capabilities and resilience: the roles of supply chain risk management and complexity", 
Supply Chain Management, Vol. 30 No. 1, pp. 50-66. https://doi.org/10.1108/SCM-11-
2023-0561 

AlAjlouni, A. O., & Aljuhmani, H. Y. (2024). Leveraging Business Intelligence for Enhanced 
Financial Performance: The Mediating Effect of Supply Chain Integration. In Achieving 
Sustainable Business Through AI, Technology Education and Computer Science: Volume 
3: Business Sustainability and Artificial Intelligence Applications (pp. 79-89). Cham: 
Springer Nature Switzerland. 

Al-bloush, T. B., Alnaser, A. S. M., & Shawawrah, S. K. (2024). The Mediating effect of Business 
Intelligence Systems on the relationship between Supply Chain Management and 
Customer Relationship Management. Journal of Intelligence Studies in Business, 14(1), 
31-41. 

Aljaafreh, R., Al-Doghman, F., & Hussain, F. (2024). Toward a Hybrid Cybersecurity Framework 
of Machine Learning and Business Intelligence into Supply Chain Risk Management. 
In Business Sustainability with Artificial Intelligence (AI): Challenges and Opportunities: 
Volume 1 (pp. 1021-1029). Cham: Springer Nature Switzerland. 

Aljaafreh, R., Al-Doghman, F., & Hussain, F. (2024). Toward a Hybrid Cybersecurity Framework 
of Machine Learning and Business Intelligence into Supply Chain Risk Management. 
In Business Sustainability with Artificial Intelligence (AI): Challenges and Opportunities: 
Volume 1 (pp. 1021-1029). Cham: Springer Nature Switzerland. 

Al‐khatib, A. W., & Alghababsheh, M. (2025). Drivers of Frugal Innovation for Achieving 
Sustainable Development Goals. Sustainable Development. 

AL‐khatib, A. W., & Ramayah, T. (2025). Artificial intelligence‐based dynamic capabilities and 
circular supply chain: Analyzing the potential indirect effect of frugal innovation in 
retailing firms. Business Strategy and the Environment, 34(1), 830-848. 

Al-khatib, A., & Khattab, M. (2024). How can generative artificial intelligence improve digital 
supply chain performance in manufacturing firms? Analyzing the mediating role of 
innovation ambidexterity using hybrid analysis through CB-SEM and PLS-
SEM. Technology in Society, 78, 102676. 

AL-Khatib, A.W. (2022), "Intellectual capital and innovation performance: the moderating role 
of big data analytics: evidence from the banking sector in Jordan", EuroMed Journal of 
Business, Vol. 17 No. 3, pp. 391-423. https://doi.org/10.1108/EMJB-10-2021-0154 

AL-Khatib, A.w. (2025), "The impact of Industry 4.0 capabilities on operational performance: 
the mediating effect of supply chain ambidexterity", The TQM Journal, Vol. 37 No. 1, pp. 
125-149. https://doi.org/10.1108/TQM-06-2023-0193 

Alkhwaldi, A. F., Abdulmuhsin, A. A., Masa’deh, R. E., & Abu-AlSondos, I. A. (2025). Business 
intelligence adoption in higher education: the role of data-driven decision-making 
culture and UTAUT. Journal of International Education in Business. 

https://doi.org/10.1108/EMJB-10-2021-0154
https://doi.org/10.1108/TQM-06-2023-0193


INTERNATIONAL JOURNAL OF ACADEMIC RESEARCH IN BUSINESS AND SOCIAL SCIENCES 
Vol. 1 6 , No. 1, 2026, E-ISSN: 2222-6990 © 2026 

1046 

Almajali, W. I., Awamleh, F. T., Alarabiat, Y. A., & Tawalbeh, M. (2025). Business Intelligence 
Systems and Organization Performance the Role of Competitive Advantage as a 
Mediator Variable. ECONOMICS-INNOVATIVE AND ECONOMICS RESEARCH 
JOURNAL, 13(2), 333-349. 

Alonge, E. O., Eyo-Udo, N. L., Ubanadu, B. C., Daraojimba, A. I., Balogun, E. D., & Ogunsola, K. 
O. (2023). Leveraging business intelligence for competitive advantage in the energy 
market: A conceptual framework. Energy Market Dynamics Journal, 8(2), 22-36. 

Al-Radaideh, A., Almajali, D., Ali, O., Alsmadi, K., AlWahshat, H., & Masad, F. (2023). Modeling 
the relationship between business intelligence, supply chain integration, and firm 
performance: Empirical study. Uncertain Supply Chain Management, 11(3), 1057-1064. 

Al-Shboul, M.A. (2023), "Enabling supply chain efficacy through SC risk mitigation and 
absorptive capacity: an empirical investigation in manufacturing firms in the Middle East 
region – a moderated-mediated model", Supply Chain Management, Vol. 28 No. 5, pp. 
909-922. https://doi.org/10.1108/SCM-09-2022-0382 

ANAND, G., & VASHISHT, P. (2025). Predictive and Descriptive Analytics in. Data-Driven 
Analytics for Healthcare: Artificial Intelligence and Machine Learning for Medical 
Diagnostics, 1. 

Arikat, Z. M. A. (2024). The Role of Business Intelligence in Enhancing the Performance of 
Supply Chains in Jordan. Journal of Ecohumanism, 3(8), 2040-2053. 

Awan, U., Kanwal, N., Alawi, S., Huiskonen, J., & Dahanayake, A. (2021). Artificial intelligence 
for supply chain success in the era of data analytics. The fourth industrial revolution: 
Implementation of artificial intelligence for growing business success, 3-21. 

Bhambri, P., & Rani, S. (2025). Advancements and Future Challenges in Business Intelligence. 
In Developing Managerial Skills for Global Business Success (pp. 271-290). IGI Global 
Scientific Publishing. 

Bhatiasevi, V., & Naglis, M. (2020). Elucidating the determinants of business intelligence 
adoption and organizational performance. Information development, 36(1), 78-96. 

Birkel, H., & Müller, J. M. (2025). Resilient by nature or technology? How Industry 4.0 
enhances Supply Chain Resilience until 2035. Supply Chain Management: An 
International Journal, 30(3), 304-322. 

Cain, M. K., Zhang, Z., & Yuan, K. H. (2017). Univariate and multivariate skewness and kurtosis 
for measuring nonnormality: Prevalence, influence and estimation. Behavior research 
methods, 49, 1716-1735. 

Celestin, P., Gidisu, J. A., Dometi, R. E., & Adu-Henaku, P. R. (2025). Harnessing Big Data and 
Statistical Analytics to Uncover Hidden Patterns and Insights Within Complex Financial 
Reporting Systems. Mbonigaba and Gidisu, Jerryson Ameworgbe and Dometi, 
Rachaelina Etornam and Adu-Henaku, Pauline Riane. 

Chen, P., Lei, X., Lin, O., & Yuan, Y. (2025). The Impact of Blockchain Financial Technology 
Transformation on Supply Chain Disruption Risks. International Review of Economics & 
Finance, 104343. 

Chen, Y., Li, C., & Wang, H. (2022). Big data and predictive analytics for business intelligence: 
A bibliographic study (2000–2021). Forecasting, 4(4), 767-786. 

Contuzzi, N., Galiano, A. M., & Casalino, G. (2025). Integrated IoT-based production, deep 
learning, and Business Intelligence approaches for organic food production. Journal of 
Industrial Information Integration, 46, 100850. 

https://doi.org/10.1108/SCM-09-2022-0382


INTERNATIONAL JOURNAL OF ACADEMIC RESEARCH IN BUSINESS AND SOCIAL SCIENCES 
Vol. 1 6 , No. 1, 2026, E-ISSN: 2222-6990 © 2026 

1047 

Eboigbe, E. O., Farayola, O. A., Olatoye, F. O., Nnabugwu, O. C., & Daraojimba, C. (2023). 
Business intelligence transformation through AI and data analytics. Engineering Science 
& Technology Journal, 4(5), 285-307. 

Eboigbe, E. O., Farayola, O. A., Olatoye, F. O., Nnabugwu, O. C., & Daraojimba, C. (2023). 
Business intelligence transformation through AI and data analytics. Engineering Science 
& Technology Journal, 4(5), 285-307. 

El Baz, J., & Ardekani, Z. F. (2023). Predicting the effects of supply chain resilience and 
robustness on COVID-19 impacts and performance: Empirical investigation through 
resources orchestration perspective. Journal of Business Research, 164, 114025. 

El Baz, J., & Ruel, S. (2021). Can supply chain risk management practices mitigate the 
disruption impacts on supply chains’ resilience and robustness? Evidence from an 
empirical survey in a COVID-19 outbreak era. International journal of production 
economics, 233, 107972. 

El Baz, J., Cherrafi, A., Benabdellah, A. C., Zekhnini, K., Beka Be Nguema, J. N., & Derrouiche, 
R. (2023). Environmental supply chain risk management for industry 4.0: a data mining 
framework and research agenda. Systems, 11(1), 46. 

Emrouznejad, A., Abbasi, S., & Sıcakyüz, Ç. (2023). Supply chain risk management: A content 
analysis-based review of existing and emerging topics. Supply Chain Analytics, 3, 
100031. 

Fan, T., & Chen, K. (2025). Unpacking Digital Economy Effects: Performance Enhancement 
Through Supply Chain Risk Management. Finance Research Letters, 107704. 

Fernandes Lima, T., Bahli, B., Arbulu, A., Hamdi, A. and Saikouk, T. (2025), "Differentiating 
“must–have” and “should–have” supply chain capabilities for enhanced performance: a 
necessary conditions analysis", Journal of Business & Industrial Marketing, Vol. 40 No. 
2, pp. 313-338. https://doi.org/10.1108/JBIM-06-2024-0453 

Foziljonov, I., Umarov, A., Khursanaliyev, B., Yusupov, A., & Umarova, R. (2025). Sustainability-
Driven Digital Marketing in Entrepreneurship via Business Intelligence Systems. In SHS 
Web of Conferences (Vol. 216, p. 01042). EDP Sciences. 

Guo, H., Shen, Z., Chen, Y., & Dong, M. (2025). Analyzing the impact of government R&D 
subsidy and digital transformation on supply chain risk dynamics management and firm 
performance in the China's chip industry. International Journal of Production 
Economics, 281, 109524. 

Hair, J. F., Astrachan, C. B., Moisescu, O. I., Radomir, L., Sarstedt, M., Vaithilingam, S., & Ringle, 
C. M. (2021). Executing and interpreting applications of PLS-SEM: Updates for family 
business researchers. Journal of Family Business Strategy, 12(3), 100392. 

Hair, J. F., Risher, J. J., Sarstedt, M., & Ringle, C. M. (2019). When to use and how to report 
the results of PLS-SEM. European business review, 31(1), 2-24. 

Hapsari, I. C., Anandya, R., Hidayanto, A. N., Budi, N. F. A., & Phusavat, K. (2022). Prioritizing 
barriers and strategies mapping in business intelligence projects using fuzzy AHP TOPSIS 
framework in developing country. Emerging Science Journal, 6(2), 337-355. 

Holmes, F., Shukla, M., & Dhurkari, R. K. (2025). Design of multi-criteria decision framework 
for supplier evaluation and supply chain sustainability risk (SCSR) management. British 
Food Journal. 

Hong, L. and Hales, D.N. (2024), "How blockchain manages supply chain risks: evidence from 
Indian manufacturing companies", The International Journal of Logistics Management, 
Vol. 35 No. 5, pp. 1604-1627. https://doi.org/10.1108/IJLM-05-2023-0178 

https://doi.org/10.1108/JBIM-06-2024-0453


INTERNATIONAL JOURNAL OF ACADEMIC RESEARCH IN BUSINESS AND SOCIAL SCIENCES 
Vol. 1 6 , No. 1, 2026, E-ISSN: 2222-6990 © 2026 

1048 

Hsu, M. F. (2025). Decision-making framework for sustainability-related supply chain risk 
management. Computers & Industrial Engineering, 200, 110825. 

Jaradat, Z., AL-Hawamleh, A., & Hamdan, A. (2025). Examining the integration of ERP and BI 
in the industrial sector and its impact on decision-making processes in KSA. Digital 
Policy, Regulation and Governance, 27(2), 117-144. 

Jia, F., Hu, S., & Chen, L. (2025). Impact of carbon border adjustment mechanism on the stock 
market value of high-polluting firms in China: The role of supply chain risk management 
and internationalization capabilities. Transportation Research Part E: Logistics and 
Transportation Review, 197, 104041. 

Jia, F., Hu, S., & Chen, L. (2025). Impact of carbon border adjustment mechanism on the stock 
market value of high-polluting firms in China: The role of supply chain risk management 
and internationalization capabilities. Transportation Research Part E: Logistics and 
Transportation Review, 197, 104041. 

Kabir, M. A., Khan, S. A., & Kabir, G. (2024). Carbon capture, utilization, and storage (CCUS) 
supply chain risk management framework development. Clean Technologies and 
Environmental Policy, 1-26. 

Kafou, A., Alzubi, A., & Oz, T. (2025). Supply chain risk prediction using elite attentive foraging 
optimized incremental distributed learning based deep gradient boosting 
model. Discover Computing, 28(1), 106. 

Kahya, I., Huschbeck, T., & Markovič, P. (2025). Predictive Risk Management in the Supply 
Chain. In Developments in Information and Knowledge Management Systems for 
Business Applications: Volume 8 (pp. 41-57). Cham: Springer Nature Switzerland. 

Ke, J. Y., Cho, W., & Su, H. (2025). Flying through uncertainty: Air transportation’s impact on 
supply chain resilience and inventory efficiency. Transportation Research Part E: 
Logistics and Transportation Review, 197, 104042. 

Ke, J. Y., Cho, W., & Su, H. (2025). Flying through uncertainty: Air transportation’s impact on 
supply chain resilience and inventory efficiency. Transportation Research Part E: 
Logistics and Transportation Review, 197, 104042. 

Khan, M. (2025). Systematic Review on Advancing Decision-Making: Integrating Intelligent 
Data Science and Predictive Analytics for Real-World Applications. Intelligent Data 
Science and Analytics, 1(01), 01-09. 

Khandelwal, P. (2025). The Transformative Power of Predictive Analytics in Healthcare 
Systems. IJSAT-International Journal on Science and Technology, 16(2). 

Kock, F., Berbekova, A., & Assaf, A. G. (2021). Understanding and managing the threat of 
common method bias: Detection, prevention and control. Tourism management, 86, 
104330. 

Kock, N. (2015). Common method bias in PLS-SEM: A full collinearity assessment approach. 
International Journal of e-Collaboration (ijec), 11(4), 1-10. 

Kumar, A., Shrivastav, S. K., & Oberoi, S. S. (2024). Application of analytics in supply chain 
management from industry and academic perspective. FIIB Business Review, 13(5), 503-
516. 

Lee, J., & Moon, I. (2025). An integrated model of supply chain resilience considering supply 
and demand uncertainties. International Transactions in Operational Research, 32(4), 
1834-1860. 

Lee, J., & Moon, I. (2025). An integrated model of supply chain resilience considering supply 
and demand uncertainties. International Transactions in Operational Research, 32(4), 
1834-1860. 



INTERNATIONAL JOURNAL OF ACADEMIC RESEARCH IN BUSINESS AND SOCIAL SCIENCES 
Vol. 1 6 , No. 1, 2026, E-ISSN: 2222-6990 © 2026 

1049 

Liu, Y., Xi, M., Zhou, Y., Feng, T., Fang, W., & Wang, W. (2025). Invisible threats: The impact of 
perceived political risk misalignment on firm’s operational resilience. Transportation 
Research Part E: Logistics and Transportation Review, 200, 104186. 

Löffel, M., Schmidt, C.G. and Wagner, S.M. (2025), "Supply chain risk management for 
humanitarian aid delivery: risk identification and contingency analysis", The 
International Journal of Logistics Management, Vol. 36 No. 1, pp. 225-258. 
https://doi.org/10.1108/IJLM-01-2024-0041 

Long, Y., and Feng, T. (2025), "Uncovering the influence of commitment to low-carbon 
operations management on manufacturing carbon performance", Journal of 
Manufacturing Technology Management, Vol. 36 No. 4, pp. 840-862. 
https://doi.org/10.1108/JMTM-05-2024-0231 

Lopes, A. P. (Ed.). (2022). Cases on Supply Chain Management and Lessons Learned from 
COVID-19. IGI Global. 

Magno, F., Cassia, F., & Ringle, C. M. (2024). Guest editorial: Using partial least squares 
structural equation modeling (PLS-SEM) in quality management. The TQM Journal, 
36(5), 1237-1241. 

Majumder, R. Q. (2025). Machine Learning for Predictive Analytics: Trends and Future 
Directions. Available at SSRN 5267273. 

Margaritis, I., Madas, M., & Vlachopoulou, M. (2022). Big data applications in food supply 
chain management: A conceptual framework. Sustainability, 14(7), 4035. 

Mechal, D., & Boche, B. (2025). The effect of supply chain risks management practices on 
operational performance of pharmaceutical manufacturing companies in Addis Ababa, 
Ethiopia: Analytical cross-sectional study. PLoS One, 20(5), e0321311. 

Mishra, A., & Kautish, P. (2025). Strategic Marketing Analytics: A Systematic Review. Strategy 
Analytics for Business Resilience Theories and Practices, 201-220. 

Mobo, F. D., Shahparan, M., Gomez, A., & Bongalonta, M. (2025). Supply Chain Risk 
Management in the Business Sector: The Modern Perspective. In Models, Strategies, 
and Tools for Competitive SMEs (pp. 313-324). IGI Global. 

Moh’d Anwer, A. S. (2025). Assessing sustainability of green supply chain performance: The 
roles of agile innovative products, business intelligence readiness, innovative supply 
chain process integration, and lean supply chain capability as a mediating factor. Journal 
of Open Innovation: Technology, Market, and Complexity, 11(1), 100476. 

Mohna, H. A. (2025). A systematic review of data analytics in business strategy: Models, tools, 
and competitive advantage. Journal of Sustainable Development and Policy, 1(01), 44-
64. 

Okika, M.C., Vermeulen, A., and Pretorius, J.H.C. (2025), "A systematic approach to identify 
and manage supply chain risks in construction projects", Journal of Financial 
Management of Property and Construction, Vol. 30 No. 1, pp. 42-66. 
https://doi.org/10.1108/JFMPC-09-2023-0057 

Olszak, C. M. (2022). Business intelligence systems for innovative development of 
organizations. Procedia Computer Science, 207, 1754-1762. 

Ongsulee, P., Chotchaung, V., Bamrungsi, E., & Rodcheewit, T. (2018, November). Big data, 
predictive analytics and machine learning. In 2018 16th international conference on ICT 
and knowledge engineering (ICT&KE) (pp. 1-6). IEEE. 

Oyewole, A. T., Okoye, C. C., Ofodile, O. C., & Ejairu, E. (2024). Reviewing predictive analytics 
in supply chain management: Applications and benefits. World Journal of Advanced 
Research and Reviews, 21(3), 568-574. 

https://doi.org/10.1108/IJLM-01-2024-0041
https://doi.org/10.1108/JMTM-05-2024-0231
https://doi.org/10.1108/JFMPC-09-2023-0057


INTERNATIONAL JOURNAL OF ACADEMIC RESEARCH IN BUSINESS AND SOCIAL SCIENCES 
Vol. 1 6 , No. 1, 2026, E-ISSN: 2222-6990 © 2026 

1050 

Pal, K. (2025). Impact of Data Analytics on Sustainability in Apparel Supply Chain 
Management. In Fostering Economic Diversification and Sustainable Business Through 
Digital Intelligence (pp. 197-220). IGI Global Scientific Publishing. 

Paradza, D., & Daramola, O. (2021). Business intelligence and business value in organisations: 
A systematic literature review. Sustainability, 13(20), 11382. 

Parrales-Bravo, F., Cevallos-Torres, L., Vasquez-Cevallos, L., Caicedo-Quiroz, R., Tolozano-
Benites, R., & Gómez-Rodríguez, V. (2025). A Review of the Use of Data Analytics to 
Address Preeclampsia in Ecuador Between 2020 and 2024. Diagnostics, 15(8), 978. 

Podsakoff, P. M., Podsakoff, N. P., Williams, L. J., Huang, C., & Yang, J. (2024). Common 
method bias: It's bad, it's complex, it's widespread, and it's not easy to fix. Annual 
Review of Organizational Psychology and Organizational Behavior, 11(1), 17-61. 

Qureshi, H. (2025). AI for Predictive Analytics: Transforming Business Strategies with 
Intelligent Systems. Journal of AI Range, 2(1), 23-33. 

Rajendran, B., Gunasekaran, A., & Babu, M. (2025). A machine learning framework for 
classifying customer advocacy in sustainable supply chains. Supply Chain Analytics, 
100137. 

Ramadhan, F. A., Mansur, A., Setiawan, N., & Salleh, M. R. (2025). An analytical risk mitigation 
framework for steel fabrication supply chains using fuzzy inference and house of risk. 
Supply Chain Analytics, 10, 100122. 

Ringle, Christian M., Wende, Sven, & Becker, Jan-Michael. (2024). SmartPLS 4. Bönningstedt: 
SmartPLS. Retrieved from https://www.smartpls.com 

Roemer, E., Schuberth, F. and Henseler, J. (2021), "HTMT2–an improved criterion for 
assessing discriminant validity in structural equation modeling", Industrial Management 
& Data Systems, Vol. 121 No. 12, pp. 2637-2650. https://doi.org/10.1108/IMDS-02-
2021-0082 

Roy, D., Srivastava, R., Jat, M., & Karaca, M. S. (2022). A complete overview of analytics 
techniques: descriptive, predictive, and prescriptive. Decision intelligence analytics and 
the implementation of strategic business management, 15-30. 

Saeed, S., Naqvi, M., & Hussain, M. (2025). Cybersecurity-Enhanced Business Intelligence: 
Safeguarding Business Warehouses With Integrated Security Solutions. 
In Vulnerabilities Assessment and Risk Management in Cyber Security (pp. 113-134). IGI 
Global Scientific Publishing. 

Santos, D., & Marques, R. P. (2024, December). Business Intelligence and Operations Research 
in Supply Chain Management: A Systematic Review. In International Conference on 
Marketing and Technologies (pp. 55-78). Singapore: Springer Nature Singapore. 

Sarstedt, M., Hair, J. F., Pick, M., Liengaard, B. D., Radomir, L., & Ringle, C. M. (2022). Progress 
in partial least squares structural equation modeling use in marketing research in the 
last decade. Psychology & Marketing, 39(5), 1035-1064. 

Sartzetaki, M., Karampini, T., Karagkouni, A., Drimpetas, E., & Dimitriou, D. (2025). Circular 
economy strategies in supply chain management: An evaluation framework for airport 
operators. Frontiers in Sustainability, 6, 1558706. 

Sekaran, U. (2016). Research methods for business: A skill building approach. John Wiley & 
Sons. 

Sekaran, U. (2016). Research methods for business: A skill building approach. John Wiley & 
Sons. 

Sekhar, S. R. M., Chandrashekar, S., & Matt, S. G. (2020). Supply chain analytics technology 
for big data. In Big Data Analytics in Supply Chain Management (pp. 9-28). CRC Press. 



INTERNATIONAL JOURNAL OF ACADEMIC RESEARCH IN BUSINESS AND SOCIAL SCIENCES 
Vol. 1 6 , No. 1, 2026, E-ISSN: 2222-6990 © 2026 

1051 

Seuring, F. K. S. (2017). Challenges and opportunities of digital information at the intersection 
of Big Data Analytics and supply chain management. International Journal of Operations 
and Production Management, 37(1), 10-36. 

Srinivasan, R., & Swink, M. (2018). An investigation of visibility and flexibility as complements 
to supply chain analytics: An organizational information processing theory 
perspective. Production and Operations Management, 27(10), 1849-1867. 

Stefanovic, N., Radenkovic, M., Bogdanovic, Z., Plasic, J., & Gaborovic, A. (2025). Adaptive 
Cloud-Based Big Data Analytics Model for Sustainable Supply Chain 
Management. Sustainability, 17(1), 354. 

Streukens, S., & Leroi-Werelds, S. (2016). Bootstrapping and PLS-SEM: A step-by-step guide 
to get more out of your bootstrap results. European management journal, 34(6), 618-
632. 

Sun, K., Ooi, K.-B., Wei-Han Tan, G. and Lee, V.-H. (2025), "Small and medium-sized 
enterprises’ path to sustainable supply chains: exploring the role of supply chain finance 
and risk management", Supply Chain Management, Vol. 30 No. 1, pp. 1-18. 
https://doi.org/10.1108/SCM-08-2023-0437 

Tariq, M. U. (2023). Role of artificial intelligence in the enabling sustainable supply chain 
management during COVID-19. International Journal of Services and Operations 
Management, 44(1), 115-135. 

Tessitore, S., Corsini, F., & Iraldo, F. (2023). Exploring the alignment and misalignment in the 
transition to a circular economy within private companies and public 
organizations. Journal of Cleaner Production, 430, 139528. 

Theodorakopoulos, L., Theodoropoulou, A., & Halkiopoulos, C. (2024, September). Big data 
and business intelligence in tourism: Analyzing trends and enhancing customer 
satisfaction through online review analytics. In International Conference of the 
International Association of Cultural and Digital Tourism (pp. 507-536). Cham: Springer 
Nature Switzerland. 

Tran, M. T., Duong, H. L., & Vo, T. K. O. (2025). Business Intelligence and Market Research: 
Drivers of E-Commerce Growth. In Advancing the Marketing Technology (MarTech) 
Revolution (pp. 181-206). IGI Global Scientific Publishing. 

Tsiu, S. V., Ngobeni, M., Mathabela, L., & Thango, B. (2025). Applications and competitive 
advantages of data mining and business intelligence in SMEs performance: A systematic 
review. Businesses, 5(2), 22. 

Wang, F., Zhang, H., & Wang, J. (2025). Strategic behavior in multi-criteria sorting with trust 
relationships-based consensus mechanism: Application in supply chain risk 
management. European Journal of Operational Research, 321(3), 907-924. 

Wang, N., Xing, X., & Liu, J. (2025, January). An Agricultural Big Data-Driven Supply Chain Risk 
Management and Decision Support System. In Proceedings of the 2025 4th 
International Conference on Big Data, Information and Computer Network (pp. 227-
232). 

Wilson, J. (2014). Essentials of business research: A guide to doing your research project. 
Wolniak, R. (2023). The concept of descriptive analytics. Zeszyty Naukowe. Organizacja i 

Zarządzanie/Politechnika Śląska. 
Xixi, L., Liu, H., Wang, Z., & Chen, H. (2025). Import diversification, market risk co-movement 

and Agri-food supply chain resilience. China Economic Review, 102483. 



INTERNATIONAL JOURNAL OF ACADEMIC RESEARCH IN BUSINESS AND SOCIAL SCIENCES 
Vol. 1 6 , No. 1, 2026, E-ISSN: 2222-6990 © 2026 

1052 

Yu, X. (2024, November). Research on AI-driven Supply Chain Financial Risk Management. 
In Proceedings of the 2024 4th International Conference on Big Data, Artificial 
Intelligence and Risk Management (pp. 965-970). 

Zanardo, E., Christodoulou, K., & Iosif, E. (2025). Machine learning-based fraud detection in 
blockchain: a qualitative survey in IT, business, and finance sectors. In Handbook of 
Blockchain Technology (pp. 292-310). Edward Elgar Publishing. 

Zhang, Q., Feng, Y., & You, L. (2024). Research on the Impact of Supply Chain Integration on 
Supply Chain Resilience in NEV Manufacturing Enterprises. Sustainability, 16(19), 8546. 

Zheng, L. J., Islam, N., Zhang, J. Z., Behl, A., Wang, X., & Papadopoulos, T. (2025). Aligning risk 
and value creation: a process model of supply chain risk management in geopolitical 
disruptions. International Journal of Operations & Production Management, 45(5), 
1178-1210. 

Zhou, H., Wang, Q., & Yang, Q. (2025). How does digitalisation influence supply chain 
performance? Evidence from a supply chain risk management perspective. International 
Journal of Logistics Research and Applications, 28(3), 325-343. 

Zhu, M., Miao, S., Lam, H.K.S., Liang, C. and Yeung, A.C.L. (2025), "Navigating through 
geopolitical risk: the role of supply chain concentration", International Journal of 
Operations & Production Management, Vol. 45 No. 5, pp. 1032-1065. 
https://doi.org/10.1108/IJOPM-03-2024-0248 

Žigienė, G., Rybakovas, E., Vaitkienė, R., & Gaidelys, V. (2022). Setting the grounds for the 
transition from business analytics to artificial intelligence in solving supply chain 
risk. Sustainability, 14(19), 11827. 

 
 

https://doi.org/10.1108/IJOPM-03-2024-0248

