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ABSTRACT 

This study aims to examine the impacts of Machine Learning (ML) and Artificial Intelligence (AI) 

capabilities on Business Performance (BP) of technology enterprises in the Kingdom of Saudi Arabia 

(KSA). Building on established theories such as the Resource-Based View (RBV) and the Technology 

Organization Environment (TOE) framework, the study proposes that AI and ML capabilities impact 

business performance. Their effects are anticipated to be mediated by Technological Readiness (TR) and 

moderated by Data Quality (DQ). A total of 190 executives and IT professionals in KSA participated in this 

study. Smart PLS 4 was used to analyze the data. The findings showed that AI and ML capabilities 

positively affected business performance. Technological readiness acted as a mediator in the relationship 

between AI and ML capabilities, and BP. Data quality significantly increased the impact of AI capabilities 

on BP. The business performance of enterprises in KSA will increase with the presence of efficient AI and 

ML capabilities as well as the development of a high level of technological readiness and data quality. 

Keywords-artificial intelligence capability; machine learning; technological readiness; data quality; business 

performance 

I. INTRODUCTION  

During the last decades, the usage of technology has 
become a source of competitive advantages. Organizations 
have increased their investment in technology to achieve better 
Business Performance (BP) [1]. The development of 
technology usage went through several stages from the initial 
usage of internet to e-commerce and social media [2]. AI and 
ML are examples of the distributive technology that requires 
high investment in human capital [3]. The need to use these 
technologies was more urgent during and after the COVID19 
period. Human capital that has the required knowledge to use 
such technology can be a source of competitive advantage to 
enhance the organizational capabilities and achieve better 
performance [4]. Against this background, existing studies in 
the field are mostly related to the usage of AI by large scale 
companies in developed countries. This is because these 
organizations are more capable of utilizing this technology, 
which is associated with high infrastructure readiness [5]. 
Furthermore, there are some studies that have examined how 
the usage of AI can result in a better BP [6]. Existing studies 
are in the initial stage of conducting a review or 
conceptualizing a framework to understand the linkage 
between AI and BP [7].  

Since the topic is still new, the number of articles that are 
related to the effect of AI on BP is small but growing. Authors 
in [8] associated the usage of AI with the organizational 
readiness and agility during a crisis [8]. This is connected with 
increasingly viewing AI as an opportunity to achieve new goals 
(80%) or as a competitive advantage (85%). An important tool 
in the current business environment is ML, which helps 
organizations to enhance their business process and re-engineer 
their operations, which ultimately leads to operational 
excellence and improved BP [9]. Again, ML is still an 
emerging technology and there is limited research on how ML 
can lead to better BP. In [10], both ML and AI were 
investigated for improving the marketing capabilities of firms 
in dealing with big data. ML and AI were able to explain high 
level of variation in the marketing performance of 
organizations. To effectively utilize ML and AI, an 
organization should have a decent level of Technological 
Readiness (TR) in terms of infrastructure, human capital, and 
financial capability. Therefore, the importance of TR is high in 
enabling effective usage of AI and ML. In addition, AI and ML 
depend heavily on the Data Quality (DQ) to produce accurate 
output. Thus, DQ is essential in the usage of AI and ML [11]. 
DQ has been acknowledged as an important aspect of good 
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decision-making. However, its application in business is widely 
ignored [12].  

The Kingdom of Saudi Arabia (KSA) is in the process of 
transforming and diversifying the economy to rely not only on 
oil production, but also on knowledge and technology-based 
activities by creating a digital and knowledge-based economy 
[13]. The 2030 Vision aims to enhance the contribution of all 
sectors and aims to nationalize the technology in the country 
[13]. However, it is not known to what degree AI and ML are 
being used among technological companies. Therefore, this 
study aims to understand the implementation of AI and ML 
among these companies and to examine the mediating role of 
TR and the moderating role of DQ.  

A. Theoretical Framework  

This study considers AI, ML, TR, and DQ. One of the 
important theories that can lead to the understanding of the 
association among the variables is TOE, which was initially 
coined in [14]. This framework indicates that decision to use an 
innovation that will impact the performance of adopters is 
related to the technological aspect as well as the organizational 
aspect [15]. This study uses AI and ML as technologies and 
represents the technological part of TOE, while the 
organizational part is related to the TR of the organization as 
well as the DQ. Another theory that can explain performance is 
the Resource-Based View (RBV). Companies when using 
technology as their resource will be able to achieve a 
competitive advantage and better organizational performance 
[16]. Therefore, this study deploys a combination of RBV and 
TOE. This combination is expected to explain how ML and AI 
as well as TR and DQ can contribute to BP.  

B. Business Performance  

BP is one of the most important dependent variables. It 
refers to the outcome of business in terms of Learning and 
Growth (LG), Internal Business Processes (IBP), and Financial 
Performance (FP) [17]. This definition of performance is 
adopted from the Balanced Scorecard (BSC) which divides BP 
into financial and non-financial performance. The non-financial 
performance includes Customer Satisfaction (CS), LG, and 
IBP. Authors in [18] measured this performance based on the 
context of their studies. In this study, BP is measured using 
IBP, LG, and FP. This measurement is in line with BSC and 
other existing research [19]. 

C. Machine Learning  

ML is the process of making models that can learn (extract 
knowledge) from previous data and predict future data [20, 21]. 
ML is the practice of, and the development of, automated 
systems that can learn and adapt without being explicitly 
programmed to do so via the use of statistical models and 
algorithms applied to large amounts of data [22-25]. Several 
studies refer to the capability of ML [26-28] to provide input 
for accurate decisions and to facilitate decision-making and 
problem-solving [29, 30]. This study examines the impact of 
ML capability on BP. 

D. Artificial Intelligence  

AI is described as a machine-based system which, for a 
given set of human-specified objectives, may make predictions, 

recommendations, or judgements that impact real or virtual 
environments [31]. It also refers to the automation of processes 
that are connected to human thought, such as learning, 
problem-solving, and decision-making [32]. AI will have a 
massive impact on society and experts suggest that the current 
time is the time for a rapidly changing and AI-powered 
economy [33]. AI is involved in all daily life activities and it is 
also involved in business for the purpose of automated decision 
making, which results in better performance [34]. This study 
examines the impact of AI capability on BP.  

E. Technological Readiness  

TR is characterized as the inclination to adopt and use new 
technologies in order to achieve a goal [35]. Organizations who 
intend to use new technology should evaluate and assess the 
current infrastructure and the readiness of their staff to utilize a 
new technology [36]. The TR is essential for an organization to 
successfully deploy a technology. Lack of readiness might 
cause resistance to change and failure of adopting technologies 
such as AI and ML, which will lead to a negative impact on the 
overall BP [37]. In this study, TR is predicted as a crucial 
mediating factor in the link between AI capability and ML 
capability with BP.  

F. Data Quality  

DQ is the sum of traits and properties of data that influence 
its capacity to fulfil a specific function [38]. The reliability of 
the collected data and their efficiency when being used in a 
system are critical for decision-making based on AI and ML, 
and impact the outcome of these decisions [11]. DQ is 
important for the effectiveness of ML and AI [39]. However, it 
has been indicated that while DQ has been largely 
acknowledged in business, it is ignored in the application of AI 
and ML [12]. Therefore, due to the lack of studies on DQ, this 
study intends to investigate the moderating effect of DQ. 

G. Conceptual Framework and Hypotheses Development  

Based on TOE and resource-based view as well as the 
balance scorecard, this research hypothesized that the ML 
capability and AI capability will have a positive influence on 
BP. The influence of ML capability and AI capability on BP is 
anticipated to be mediated by TR and moderated by DQ.  

1) MLC and BP  

MLC has been examined and linked to BP in some studies. 
MLC is able to predict the performance of companies [40] and 
helps in the coordination of organizational activities, which 
affects the overall BP [41]. Additionally, it can maintain a 
sustainable supply chain [42] and reduce risk by conducting an 
effective assessment of the latter and helps in decision-making 
that leads to better BP [9]. Therefore, it is anticipated that MLC 
will have a considerable favourable impact on BP in this 
research. So, the first research hypothesis is: 

H1: ML capability has a positive impact on BP. 

2) AI Capabilities and BP  

Prior literature on the role of AI is derived from literature 
reviews and conceptual articles that attempt to operationalize or 
conceptualize the term and its link with the organizational 
outcome [7]. Recent research, however, has investigated the 
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relationship between AIC and BP. For example, the AIC 
affected positively the BP in [6] and had a significant influence 
on the BP of China firms [43]. AIC strengthened the marketing 
and organizational capability, which resulted in a positive BP 
[44]. The positive effect of AIC on BP has also been found in 
the literature [45]. Accordingly, the following is hypothesized:  

H2: AI Capability has a positive impact on BP. 

3) Mediating Role of TR  

TR is a critical predictor of using new technology. Most 
existing studies look into TR as a predictor or moderating 
variable. For instance, TR moderated the effect between 
predictors of using technology and acceptance of technology 
[46]. In addition, TR moderated the effect of self-service and 
technology acceptance [47]. Further, TR moderated the effect 
of innovation and gratification on virtual reality in the tourism 
sector [48]. Limited studies have examined the TR as a 
mediator. As an example, TR mediated the connection between 
digital financial literacy and inclusion [4]. In this research, the 
AIC and MLC cannot achieve their potential without having 
effective TR of organizations. Therefore, this study proposes 
TR as a mediator between AIC and MLC, and BP. Thus, the 
following are proposed: 

H3: The effect of MLC on BP is mediated by TR.  

H4: The effect of AIC on BP is mediated by TR.  

4) Moderating Role of Data Quality  

DQ is essential for effective decision-making. Low data 
quality led to misleading knowledge and decisions which might 
lead to financial and market loss [49]. DQ is critical for all 
processes and organizational activities. However, it is more 
important when it comes to AI and ML [50], because AIC and 
MLC are more effective with high DQ. DQ affects the 
reliability of AI and ML [51] and enables their expansion [52]. 
The impact of digital accounting systems on the quality of 
decisions can be moderated by DQ [53]. To improve the 
efficiency of AIC and MLC on BP in this research, it is 
essential to collect and use high-quality data. Thus, the 
following are proposed: 

H5: Data quality moderates the effect of MLC on BP.  

H6: Data quality moderates the effect of AIC on BP. 

II. RESEARCH METHODOLOGY  

This research deploys quantitative methods. The data were 
collected via a survey. The research sample comprises CEOs 
and IT professionals from prominent Saudi IT enterprises. It 
uses convenience sampling based on snowballing and network 
recommendation to reach responders. The optimal sample size 
for structural equation modeling is 100–150 [54]. The G*power 
method requires 89 replies. This computation utilizes four 
predictors, 0.95 confidence, and 0.05 error margin. The 
questionnaire items were based on proven instruments. DQ was 
measured based on scales adopted from [55], while AIC was 
self-developed. However, the findings of [56, 57] were 
reviewed and utilized in the development of the measurement. 
Similar procedures were followed to measure MLC after 
reviewing [58, 59]. The measurement of BP was adopted from 

[60, 61]. TR was measured using the questionnaire presented in 
[47, 48]. Arabic is KSA's official language, hence the 
questionnaire was in Arabic. Bilingual Arabic-English 
specialists validated the measurement. Before collecting data, a 
preliminary investigation assessed measurement reliability. 
This approach yielded 197 responses. Three incomplete 
responses were deleted. A boxplot analysis revealed four 
outliers, which were deleted. 190 valid responses were retained 
for analysis. The values of skewness and kurtosis were below 
one, indicating a normal distribution. The tolerance value 
(should be larger than 0.20) and Variance Inflation Factor 
(VIF, should be less than 5) were within their acceptable 
ranges, indicating no issues of multicollinearity. Smart PLS 
version 4 was employed for the Measurement Model (MM) and 
the Structural Model (SM) to be analyzed and evaluated. Smart 
PLS 4 is efficient as the testing mediator and moderator [54].  

III. FINDINGS  

The findings of this study discuss the descriptive 
information of the respondents as well as the assessment of the 
MM and SM models.  

A. Profile of Respondents  

A total of 190 valid responses were collected. The 
respondents are males (79%), older than 40 years (63%), and 
holders of a bachelor's degree (71%) with working experience 
in a technological related field of more than 15 years (77%) 
and they are working as executives (35%) and heads of IT 
departments (41%).  

B. Measurement Model  

The measurement model was evaluated by Factor Loading 
(FL), validities, and reliabilities [54]. The FL for all items was 
checked. Accordingly, certain items were eliminated due to low 
FL. Items of AIC1 from AI capability, item MLC5 from MLC, 
and items BP5 and BP9 from BP were deleted due to low 
factor loading. After removing the items, Cronbach’s Alpha 
(CA) as well as Composite Reliability (CR) values were 
improved. The convergent validity of the study is acceptable 
because the Extracted Average Variance (AVE) is larger than 
0.50 for all the variables. Since the square root of AVE is more 
than the cross-loading of the variables, the findings for 
discriminant validity demonstrated that it is acceptable.  

C. Structural Model  

In the assessment of SM, there is a need to evaluate R-
square (R

2
), F-square (f2

), and path coefficient (B) [54]. The 
value of R

2
, as shown in Figure 1, is 0.470, suggesting that 

47% of BP can be explained by MLC, TR, DQ, and ALC. For 
the f2

, the acceptable value is 0.02. For all the paths, the f2
 is 

acceptable except for the DQ×MLCBP. However, these 
values are low because the related hypotheses are rejected. 
Figure 1 displays the SM of this research, which includes the 
direct, mediation, and moderating hypotheses and paths. 

D. Hypotheses Testing  

The results of the hypotheses are evidenced in Table I. A 
total of six hypotheses were examined. The table demonstrates 
the direct effect, mediating and moderating hypotheses.  
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For the first hypothesis, H1, MLC has a positive influence 
on BP (B=0.187, P<0.05). Thus, as indicated in Table I, H1 is 
supported. AIC has a substantial impact on BP for H2 
(B=0.466, P<0.05). H2 is thus supported. Given that both the 
direct impact of MLC on BP and the indirect effect through TR 
are significant (B=0.171, P<0.05), H3 for the mediation effect 
hypothesis, is supported. Since both effects are significant, H3 
is accepted and the mediation is only partial. Similarly, for H4, 
AIC has a favorable and considerable direct influence on BP. 
At a path coefficient of 0.049 and a p-value below 0.05, the 
indirect impact (AICTRBP) is likewise significant and H4 
is thus supported. Because the direct and indirect effects are 
substantial, the mediation is only partial. DQ does not 
significantly moderate the relationship between MLC and BP 
for H5. H5 is therefore rejected. H6, however, is supported 
since DQ, as illustrated in Table I, constructively moderated the 
impact of AIC on BP. 

 

 

Fig. 1.  Results of the structural model. 

TABLE I. RESULTS OF HYPOTHESES TESTING 

H Path B Std. T-values P-Values 

H1 MLC  BP 0.187 0.052 3.599 0.000 

H2 AIC  BP 0.466 0.071 6.573 0.000 

H3 
MLC  TR 0.523 0.038 13.824 0.000 

MLC  TR  BP 0.171 0.028 6.221 0.000 

H4 
AIC  TR 0.150 0.042 3.567 0.000 

AIC  TR  BP 0.049 0.016 3.117 0.002 

H5 DQ × MLC  BP -0.027 0.039 0.695 0.487 

H6 DQ × AIC  BP 0.167 0.049 3.426 0.001 

 

IV. IMPLICATIONS 

This research expands knowledge of corporate MLC and 
AIC usage. This research experimentally examines MLC and 
AIC's impacts, unlike prior studies that conceptualized and 
reviewed their potential. A large percentage of variation of BP 
was analyzed and explained with the TOE framework and 
RBV. The current study adds to developing economy literature, 
focusing on Saudi Arabia. The research supports Saudi Arabia's 

Vision 2030 by showing that MLC and AIC can help 
organizations increase performance and finally boost the 
country's GDP. Companies should emphasize AIC and MLC to 
improve performance. TR is necessary for efficient technology 
use. Effective TR levels are essential for MLC and AIC 
implementation because TR mediated partially the effect of 
MLC and AIC indicating that a significant part of the 
relationship between the variables is facilitated by TR. High-
DQ enhances AIC's performance benefits. Thus, KSA tech 
businesses must develop strong data accuracy methods. Real-
time data audits may discover and fix inaccuracies and 
misleading information. This research reveals how MLC and 
AIC affect KSA tech businesses' success. To maximize these 
potential, TR and DQ are crucial. 

V. CONCLUSION, LIMITATIONS, AND FUTURE 

WORK 

This research examined how MLC and AIC affect BP. 
Conceptual and literature review research explored these 
issues. This research experimentally investigated these 
determinants in KSA technology businesses, providing new 
viewpoints. This research supports MLC and AIC's benefits, 
adding to the scientific debate. A key conclusion is that TR 
partially mediates the AIC-BP link. AIC can improve business 
performance depending on a company's TR. It was also found 
that DQ affects how AIC influences BP. This indicates that 
high-quality data can boost corporate success using AI. 
However, the results only apply to KSA technology businesses. 
Future studies should deploy random sampling to improve 
generalizability. Expanding the research to include listed, 
service, and manufacturing enterprises would improve its 
external validity. 

Increasing the sample size can increase the generalizability 
of the findings. Adding variables can help to understand BP. 
Complex interactions between MLC and AIC might affect 
company success. The finding provides KSA technology firms 
with practical recommendations. This suggests that these 
organizations should prioritize AIC and MLC adoption to boost 
performance. Advanced AI technology and MLC are essential. 
Additionally, a company must be technologically ready and 
have high-quality data. This strategy helps organizations to be 
more competitive and increase BP.  
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