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standing of the factors that promote or hinder enterprises' use of artificial intelligence during the
recruitment of leaders. A total of 295 participants, who were owners or managers in several SME

Available online: April 27, 2024 sectors, manufacturing, including services, construction, and agriculture, were selected via judg-
Keywords: mental sampling. Data collection was conducted utilizing a survey instrument, and the collected
TOE model data was processed employing Smart PLS. The findings demonstrated a substantial correlation
Relative advantage between attitude toward artificial intelligence uptake and factors such as relative advantage, com-
Top management commitment plexity, top management commitment, and organizational preparedness. Nevertheless, factors like
Complexity competitive pressure, external assistance, a favorable regulatory environment, compatibility, and
External assistance staff flexibility do not significantly influence the attitude toward the uptake of artificial intelli-

gence. In summary, these findings provide valuable insights for decision-making and resource
distribution. They underscore the significance of factors such as relative advantage, complexity,
top management commitment, and organizational readiness in achieving goals in the field of arti-
ficial intelligence. Additionally, they identify areas where efforts may not result in significant
effects. The practical ramifications and future study paths are emphasized according to current
technological needs.

© 2024 by the authors; licensee Growing Science, Canada.

1. Introduction

The Jordanian government has made a strategic choice to prioritize the growth of artificial intelligence capabilities among
Small and Medium-Sized Enterprises (SMEs). This decision is since SMEs constitute 90.1% of firms in Jordan and have a
substantial impact, contributing to a 14% increase in worldwide gross domestic product by 2030 (Al-Zoubi, 2023). Projections
suggest that the forthcoming progress in automation, machine learning and big data will have significant impacts on govern-
ments, enterprises, and communities. According to (Mohammed et al., 2023), the incorporation of artificial intelligence is
projected to increase the rate of innovation and improve productivity by 50% in Jordan by 2021. The capacity for innovation,
effectiveness, and expansion characterizes the relationship between artificial intelligence and SMEs in Jordan. Still, SMEs
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that use artificial intelligence face three main problems: they don't have leaders with a clear vision and a willingness to invest
in artificial intelligence; they don't have enough skills, resources, and people who are willing to keep learning; and they don't
have enough advanced analytics, infrastructure, and tools to get useful insights (Hmoud & Varallyai, 2020). Therefore, ongo-
ing conversations persist over the subject matter. A multitude of stakeholders participate in discussions about artificial intel-
ligence and SMEs, providing a wide range of perspectives. The rapid advancement of digital technology has accelerated
growth in several areas, including goods, processes, and services, as emphasized by Akter et al. (2021). Additionally, it has
led to the development of creative business models, as mentioned by (Bag et al., 2021). In this rapidly changing environment,
artificial intelligence plays a crucial and innovative role, leading the way in exploring new boundaries and opportunities
(Huang & Rust, 2022). From a marketing standpoint, the progress in big data analytics and machine education has made
artificial intelligence a potent instrument for marketers to understand consumer behavior, enhance marketing campaigns, and
enhance overall business performance (Badi et al., 2021; Verma et al., 2021; Lu et al., 2022). This empowers marketers to
make well-informed choices and provide personalized experiences for clients (Fan & Lin, 2023). Through the utilization of
data analytics and machine learning, SMEs marketers can acquire fresh perspectives on customer behavior and preferences.
This knowledge can be employed to create marketing campaigns that are tailored, impactful, and resource-efficient (Gutierrez
et al., 2015; Huang et al., 2020; Pillai et al., 2022; Christiansen et al., 2022). The information on the kind of SMEs firm, the
industry size, and the products and services supplied is crucial for decision-making, regardless of the specific circumstances.
A crucial question that has not been fully answered is about the identification of primary deciding variables that impact the
artificial intelligence adoption in local SMEs. In today's highly competitive business world, it is essential for every player in
any sector to have access to the most up-to-date technologies, including artificial intelligence. Hence, the integration of arti-
ficial intelligence has undeniably revolutionized the way businesses, even SMEs, operate. Artificial intelligence has the po-
tential to greatly assist in making strategic marketing decisions (Pan et al., 2022). SMEs may leverage this technology to
enhance their operations, streamline strategic decision-making processes, and maximize overall business performance, result-
ing in many advantages and opportunities. Nevertheless, it is crucial to acknowledge that the successful implementation of
artificial intelligence requires meticulous strategic planning, substantial financial commitment, and specialized knowledge
and skills (Rehman & Rajkumar, 2022). Small and medium-sized enterprises need to assess their specific needs, assess the
potential of artificial intelligence (Al) solutions to expand and adjust, and provide proper training and integration with existing
systems. Nevertheless, the prospective benefits render artificial intelligence a powerful tool for small and medium-sized en-
terprises (SMEs) to promote growth, encourage innovation, and improve competitiveness in the present era of digitalization
(Perifanis & Kitsios, 2023). Nevertheless, it is crucial to verify that the data used for training artificial intelligence models is
both precise and impartial in order to prevent unforeseen repercussions. Undoubtedly, the study in the domain of artificial
intelligence and SMEs is continuously progressing, although there are still some gaps that need more examination (Chaveesuk
& Horkondee, 2015; Hansen & Begh, 2021). This research provides the following contributions: Initially, this study aims to
enhance the existing body of knowledge on artificial intelligence by presenting the Technology, Organization, And Environ-
ment (TOE) framework, which originates from the information system field. Additionally, it seeks to provide empirical data
that supports the applicability of the TOE framework to artificial intelligence business studies. The TOE model outlined above
is expected to facilitate academic comprehension of organizations’ adoption behaviors towards business technology, which is
crucial for the successful implementation of artificial intelligence. Therefore, this research aims to investigate the correlation
between technology, organization, and environment in connection to the uptake of artificial intelligence, as seen by SMEs
managers in Jordan. Moreover, the specific determinants that impact the achievement or lack thereof in the implementation
of artificial intelligence systems in SMEs in Jordan are yet unidentified. Investigating these research gaps in Jordanian SMEs
across various sectors will enhance comprehension of the influential factors linked to the adoption of artificial intelligence
among SMEs. This, in turn, will facilitate the formulation of efficient strategies (Ragazou et al., 2023), frameworks, and tools
aimed at assisting SMEs in leveraging the advantages offered by artificial intelligence technologies.

2. Literature review and hypothesis development
2.1 Technological context

Technological settings involve the attributes and accessibility of current and upcoming technologies that are relevant to a
corporation. While the original TOE framework lacks specific information on technical aspects, subsequent studies have
expanded the framework and incorporated dependable aspects (Tornatzky & Fleischer; Yuan, et al., 2021). The technical
aspects examined in the present study consist of relative advantage, perceived compatibility, and complexity. These variables
are of great significance as they have been extensively investigated in previous research studies (Rogers, 1995; Yuan, et al.,
2021) and frequently utilized. Relative advantage, in broad terms, pertains to the extent of advantages that innovation may
provide to an organization (Rogers, 1995; Alzoubi & Alzoubi, 2020). Benefits serve as a driving force for organizations to
learn new information, hence enhancing their absorptive ability to embrace new technology. Therefore, researchers have
discovered that relative advantage plays a significant role in increasing the rate of technology uptake (Wang et al., 2010).
Relative advantage refers to the perceived utility that artificial intelligence may provide to firms in facilitating recruiting
efforts. Artificial intelligence can gain a competitive edge by completing complex tasks similar to those of human recruiters.
artificial intelligence researchers and early adopters in business are optimistic about the future of Al in recruiting, as shown
by studies conducted by Faliagka et al. (2014) and Guenole & Feinzig (2018). Hence, we argue that the comparative
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superiority of artificial intelligence serves as the motivation for organizations to use artificial intelligence recruiting. There-
fore, we put up the following hypothesis:

Hi: Relative advantage has a significant impact on the adoption of artificial intelligence in SMEs.

Technological complexity refers to the level of difficulty associated with employing certain technologies (Rogers, 1995).
Increased complexity hinders organizations’ motivation to learn new information, resulting in a decrease in firms' ability to
innovate, as stated by Cohen and Levinthal (1990). Hence, the presence of complexity is expected to limit the expression of
new behaviors. Empirical research indicates that complexity has a detrimental effect on the adoption of technology (Wang et
al., 2010). Complexity refers to the degree to which firms see artificial intelligence recruiting tools as challenging to use.
Given that artificial intelligence is a characteristic of advanced technology that necessitates substantial information technology
expertise to comprehend, its implementation is more challenging in contrast to conventional information technology. Conse-
quently, the intricacy of artificial intelligence recruiting tools may be a big worry for some firms owing to their technical
novelty. Hence, we contend that the intricacy of artificial intelligence technology might provide a substantial hindrance for
enterprises in its adoption. Therefore, we put up the following hypothesis:

Hz: Technological complexity has a significant impact on the adoption of artificial intelligence in SMEs.

Numerous studies have shown that the perceived compatibility of artificial intelligence has a statistically important effect on
its acceptance (Chatterjee et al., 2021; Yuan, et al., 2021; Hoang & Nguyen, 2022). Perceived compatibility refers to the
extent to which new technologies align with the values, experiences, and desires of prospective users (Rogers, 1995). Indi-
viduals with more expertise would find it easier to recognize and value the advantages of innovation (Gutierrez et al., 2015).
Suddin et al. (2023) emphasized the significance of incorporating innovation within an institution's current technological
foundation. When a company's current procedures, attitudes, and beliefs align with an artificial intelligence technology, there
is a higher likelihood of its adoption (Gutierrez et al., 2015; Suddin et al., 2023). According to Christiansen et al. (2022), the
perception of compatibility had a substantial impact on the perception of usefulness since artificial intelligence technology
was compatible with the existing format, technological architecture, and other structural data. In a similar vein, Pillai et al.
(2022) conducted a study on 480 artificial intelligence-empowered industrial robots in auto component manufacturing com-
panies. They found that the perception of compatibility played a significant role in predicting the adoption of artificial intel-
ligence-empowered technology in these manufacturing organizations. Consequently, the following hypothesis was put for-
ward:

Has: Technological compatibility has a significant impact on the adoption of artificial intelligence in SMEs.

2.2 Organizational Context

Top management commitment denotes the extent of endorsement and devotion shown by the highest level of management
within an organization towards a certain project or decision (Mohammad & Muhammad 2023). Within the realm of SMEs,
technology-mediated communication plays a crucial role in the process of making strategic decisions. Strategic decisions in
SME:s include significant choices that determine the business's long-term trajectory and competitive standing. These choices
include many actions such as identifying target markets, creating novel goods or services, establishing partnerships or alli-
ances, embracing new technology (Daoud et al., 2021), or investigating opportunities for foreign growth, among other possi-
bilities (Jayashree et al., 2021). The technology management committee is crucial for SMEs in making strategic decisions
about the integration and utilization of artificial intelligence technology previous research has shown a definitive correlation
between top management commitment and the use of artificial intelligence. Top management commitment plays a crucial role
in SMEs' strategic decision-making process when it comes to adopting artificial intelligence. The statement highlights that it
promotes the acknowledgment of artificial intelligence's capabilities, facilitates its incorporation, addresses opposition to
change, and guarantees the achievement of artificial intelligence advantages (Suddin et al., 2023; Lemos et al., 2022). The
dedication of senior management plays a crucial role in utilizing artificial intelligence as a strategic tool to enhance the deci-
sion-making, competitiveness, and overall performance of small and medium-sized enterprises. Based on the data, the subse-
quent hypothesis will be investigated:

Ha: Top management commitment has a significant impact on the adoption of artificial intelligence in SMEs.

Employee adaptability pertains to an individual's capacity to effectively acclimatize to and flourish in dynamic work settings.
It requires the ability to be adaptable (Suddin et al., 2023; Deepu and Ravi, 2021), receptive to new ideas, and adept at acquir-
ing and adjusting to emerging technology, procedures, and responsibilities. Within the realm of SMEs, enterprise architecture
assumes great importance due to the frequent need for these organizations to adjust and remain relevant in dynamic and
competitive marketplaces. The correlation between employee adaptability and artificial intelligence in small and medium-
sized enterprises is substantial (Rameshwar et al., 2022; Rosa et al., 2021). Artificial intelligence technologies, including
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automation, data analytics, and machine learning are being more and more used across different corporate operations. These
technologies have the capability to optimize operations, boost productivity, and augment decision-making. Nevertheless, em-
ployers also need people to demonstrate adaptability abilities in order to proficiently use and incorporate artificial intelligence
into their jobs. Employees at SMEs who possess robust adaptability abilities may swiftly acquire the knowledge to effectively
use artificial intelligence technologies. They can also modify their job responsibilities to collaborate with artificial intelligence
systems and gain additional skills as necessary. Individuals can accept and adopt the changes brought about by artificial
intelligence, seize the possibilities it offers, and actively participate in the effective adoption and utilization of artificial intel-
ligence technology inside their organization (Murphy, 2016; Drydakis, 2022). Employee adaptability is crucial in facilitating
the successful implementation and incorporation of artificial intelligence into SMEs' operations, hence fostering innovation,
competitiveness, and development in the dynamic contemporary corporate environment. The hypothesis posits that there is a
reciprocal interdependence between staff flexibility and successful artificial intelligence integration. Based on the data, the
following hypothesis will be examined:

Hs: Employee adaptability has a significant impact on the adoption of artificial intelligence in SMEs.

The preparedness of an organization to use artificial intelligence technology has a substantial influence on the operations and
performance of SMEs. Organization readiness is the state of preparation of an organization, including its infrastructure, per-
sonnel, leadership, culture, and procedures, to efficiently embrace and use artificial intelligence technology (Dubey et al.,
2018; Ganlin et al., 2021). Prior to executing organizational changes, it is essential to have a state of readiness for change.
Furthermore, meticulous, and continuous strategizing in change management is vital for the implementation of new technol-
ogy to guarantee the successful attainment of the skill's objective (Hashim et al., 2021; Jalagat, 2016; Hradecky et al., 2022).
Hence, a strong level of organizational preparedness is essential for integrating artificial intelligence into the business strategy.
This readiness facilitates efficient management of change, guarantees the presence of reliable data management capabilities,
encourages collaboration establishes appropriate technical infrastructure, and skill enhancement, and cultivates a culture of
ongoing development (Suddin et al., 2023). These elements all lead to increased operational efficiency, optimal utilization of
resources, ultimately, improved decision-making, and superior performance for small and medium-sized enterprises. Accord-
ing to the data, the preparedness of an organization to embrace artificial intelligence has a major impact on the operations and
performance of SMEs. As a result, we have formulated the following hypothesis:

Hs: Organization readiness has a significant impact on the adoption of artificial intelligence in SMEs.

2.3 Environmental Context

External support is crucial in enabling small and medium-sized enterprises to incorporate artificial intelligence into their
business processes. The reason for this is that small and medium-sized enterprises often lack the requisite resources, expertise,
and infrastructure to effectively exploit the capabilities of artificial intelligence technology (Rosa, 2021). The essential com-
ponents of artificial intelligence adoption for small and medium-sized enterprises include technical help, customization, on-
going support, expertise, training, and data management. These services empower SMEs to use the advantages of artificial
intelligence technology, streamline their procedures, and maintain a competitive edge in a rapidly evolving digital business
environment. Through the utilization of external support (Fountaine et al., 2019), small and medium-sized enterprises can
effectively address obstacles associated with the adoption of artificial intelligence and enhance their overall presentation in
several ways. These include increased efficiency, gaining a competitive edge, improved decision-making, and providing su-
perior service to clients (Yuan et al., 2021; Al-Zoubi, 2023). As a result, there is a positive relationship between the adoption
of artificial intelligence with the help of outside sources and the overall commercial performance of small and medium-sized
enterprises. external support systems help small and medium-sized enterprises get past problems with implementing artificial
intelligence and using artificial intelligence technologies to get more effective, stay ahead of the competition, make better
decisions, get data-driven insights, provide better customer service, and grow (Ragazou et al., 2023; Sjodin, 2021). These
elements jointly help to improve the general success of SMEs. In light of the material provided, we have formulated the
following hypothesis:

H7: External support has a significant impact on the adoption of artificial intelligence in SMEs.

Competitive pressure refers to the intensity of competition and influences that business in a specific market or sector experi-
ence. The concept refers to the elements that motivate firms to consistently enhance their goods, services, and strategies in
order to achieve a competitive edge (Maroufkhani et al., 2020; Tajeddini et al., 2023). Competitive pressure emerges from
several causes, including the existence of competing companies, consumer expectations, technical progress, price mecha-
nisms, and regulatory circumstances. To maintain and prosper in the market (Gongalves et al., 2022), businesses must adeptly
navigate and efficiently react to competitive pressure. Artificial intelligence facilitates competitive analysis, personalized
marketing, price optimization, customer experience improvement, and predictive analytics (Wu et al., 2023). It assists organ-
izations in acquiring valuable information, efficiently reaching their target consumers, optimizing pricing strategies, improv-
ing customer experiences (McDougall et al., 2022), and making choices based on data to maintain competitiveness. Multiple
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empirical studies have consistently shown a positive correlation between increased levels of innovative adoption and height-
ened levels of competitive pressure. Additionally, this pressure compels SMEs to integrate artificial intelligence into their
daily business activities. Given the above discourse, the imperative of competition drives firms to use artificial intelligence
knowledge in their marketing tactics (Gongalves et al., 2022). Consequently, the following hypothesis is posited:

Hs: Competitive pressure has a significant impact on the adoption of artificial intelligence in SMEs.

The term "regulatory environment" pertains to the set of governmental regulations that have an impact on the spread and
adoption of technology (Maroufkhani et al., 2020; Tajeddini et al., 2023). The regulatory framework may either facilitate or
impede a company's technical advancement, depending on the specific restrictions in place (Suddin et al., 2023). Companies
are more inclined to embrace new technologies when the regulatory environment promotes innovation. The regulatory envi-
ronment has a significant impact on the adoption of technology, especially in developing nations. According to prior research,
Al is a technology with significant strategic significance that actively promotes its implementation. Hence, we anticipate that
the legislative framework will serve as a compelling motivation for organizations to use artificial intelligence in the recruiting
process (Baker, 2011; Rao & Verweij, 2017).

Ho: Supportive regulatory environment has a significant impact on the adoption of artificial intelligence in SMEs.

4. Methodology

The study technique included identifying three key factors, classified as TOE factors, to thoroughly investigate the uptake of
artificial intelligence among SMEs in Jordan. The participants consisted of proprietors or executives of SMEs across diverse
industries, including services, manufacturing, construction, and agriculture, all of which are situated and operated inside Jor-
dan. The selection of the owner or management of the firm as the decision makers for the implementation of new skills,
including artificial intelligence, is based on their authority and responsibility. The owner is expected to possess extensive
knowledge of artificial intelligence customization. The sample frame included all 363,000 SME industries identified and
registered with SME Corporation Jordan. Prior to the company owner or manager providing their responses to the question-
naire inquiries, which were sent by Google Forms, phone calls, and email, the researcher sought authorization from the or-
ganization. Data gathering occurred from May to September 2023. The minimal sample size was found using G Power, a
software instrument created by (Suddin et al., 2023). With a model of five predictors, the effect size is determined to be 0.15,
and the target power is set at 0.95. Social science and business research often suggests using a minimum power of 0.8 as the
acceptable threshold (Hair et al., 2017; Suddin et al., 2023). The minimal sample size was calculated to be 137 using calcula-
tions. 460 questionnaires were issued, and 295 valid replies were received, resulting in a response rate of 64.13%. This per-
centage is considered good and above the minimal requirement. This research employs a judgmental sample approach, in-
cluding a wide range of sectors and firm sizes. The survey specifically targets individuals in executive or management posi-
tions who are actively engaged in implementing artificial intelligence inside their organizations.

4.1 Research Instruments

The TOE framework served as the foundation for the suggested model. Table 1 illustrates our suggested research framework,
which is derived from the analyzed theoretical models and the primary components outlined earlier. The survey used a five-
point Likert scale, including possibilities from 1 (indicating severe disagreement) to 5 (indicating strong agreement). The
studies by Yuan et al., (2021); Wu et al., (2023); Suddin et al., 2023; Al-Zoubi et al. (2023), and Mohammed et al. (2023)
served as a basis for determining and adapting the framework's factors.

Table 1
Construct measurement and sources.
Variables No. items References Measure
Technological 13 Yuan et al., (2021); Wu et al., (2023); Suddin et al., 2023; Al-Zoubi et  5-point Likert Scale
al. (2023), and Mohammed et al. (2023)
Organizational 13 Yuan et al., (2021); Wu et al., (2023); Suddin et al., 2023; Al-Zoubi et  5-point Likert Scale
al. (2023), and Mohammed et al. (2023)
Environment 11 Yuan et al., (2021); Wu et al., (2023); Suddin et al., 2023; Al-Zoubi et  5-point Likert Scale
al. (2023), and Mohammed et al. (2023)
Artificial Intelligence Adoption 4 Yuan et al., (2021); Wu et al., (2023); Suddin et al., 2023; Al-Zoubi et

al. (2023), and Mohammed et al. (2023)

The first poll was conducted in the English language. We utilized the back-translation technique to render the survey into
Arabic. The preliminary iteration of the measuring scale has been verified for its validity by a panel of four specialists, who
are academics, as well as four owners of SMEs. The questionnaire was modified based on the participants' feedback to be
used in a pilot study with the aim of assessing its comprehensibility and consistency. The person was the unit of analysis. The
data was analyzed employing Smart PLS 4, and the hypothesis was tested utilizing regression coefficients in the Path model.
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The selection of Smart PLS 4 was based on its suitability for analyzing small data sets and its ability to validate a theoretical
framework from a predictive perspective (Hair et al., 2019).

5. Results

5.1 Respondents Profile

The data illustrates the allocation of small and medium-sized enterprises among several industries. Table 2 displays the quan-
tity of small and medium-sized enterprises and their respective proportions for each industry. A total of 295 SMEs contributed
to this survey, with each sector making a contribution to the overall percentage. The services sector has the largest number of
SMEs, with 109 companies, which represents 36.9% of the overall count. The agricultural sector has the maximum number
of small and medium-sized enterprises, with 90 companies, which accounts for 30.5% of the overall total. Following that,
there are 71 manufacturing businesses, accounting for 24% of the total. There are 21 small and medium-sized enterprises in
the construction industry, which make up 10.71% of the total. Finally, the construction industry has the smallest number of
SMEg, just 2.5 companies, accounting for 8.4% of the total. The age group with the highest number of respondents is the 44—
50-year-old category, including 101 individuals. Next, the group of those aged 36—43 had 81 replies. Subsequently, the cohort,
consisting of individuals aged 51 and older, received a total of 58 responses. 38 respondents were classified as being in the
age range of 36 to 43. The age group with the fewest participants is the category of individuals aged 18-25, including just 17
individuals. The survey results indicate a male predominance, with 229 participants, while the female representation consists
of 66 people.

Table 2
Sample characteristics.
Variables Item No Percent
Gender Male 229 77.6
Female 66 22.3
Age Group 18-25 17 5.7
26-35 38 12.8
36-43 81 274
44-50 101 342
51 and above 58 19.6
Marital Status Married 239
Single 56
SMEs sector Services 109 36.9
Manufacturing 71 24
Construction 25 8.4
Agriculture 90 30.5

5.2 Validity of Measurement Model

The validity of a measuring framework is determined by how effectively the model analyzes the core notion or idea that it is
designed to assess. It is a key component of research that guarantees the measures used in a study are accurate and useful.
According to Kline (2010) and Hoyle (2011), a measurement model is used to evaluate latent or composite variables. The
validity of the measuring model is assessed using three criteria: construct validity, convergent validity, and discriminant va-
lidity (Hair et al., 2017; Leguina, 2015).

5.3 Convergent Validity

To assess the convergence of constructs, many measures were calculated, such as composite reliability (CR), factor loadings,
reliability, and average variance explained (Fornell and Larcker, 1981). Convergent validity is demonstrated when all three
of the following conditions are met: (a) The composite reliability (CR) values should be equal to or better than 0.7; (b) all
factor loadings should be standardized and have values of 0.5 or higher; and (c) the average variance extracted (AVE) values
should be 0.5 or above (Yuan et al., 2021; Wu et al., 2023; Suddin et al., 2023). According to the findings shown in Table 3,
the measurement model satisfies the criteria for average variance extracted (AE), standardized loading, construct reliability
(CR), and construct reliability (Cronbach's alpha). The CR values exhibit a range between 0.813 and 0.933, signifying the
measurement model's elevated internal consistency and reliability. A higher CR value indicates that the observed indicators
possess a better level of dependability in measuring their respective latent structures. The usual loading levels vary from 0.710
to 0.895. These values quantify the strength of the association between the observable pointers and their corresponding un-
derlying concepts. Higher standardized loadings suggest a strong and substantial relationship between the indicators and the
underlying components. The AVE values range from 0.763 to 0.947. These values indicate the amount of observed variation
in indicators that may be attributed to their corresponding underlying constructs. Greater AE values suggest that the construc-
tions account for a larger amount of the variation in the indicator. Cronbach’s alpha values range from 0.811 to 0.941.
Cronbach's alpha, similar to CR, is a quantitative measure employed to evaluate the reliability of internal consistency. Greater
Cronbach's alpha values indicate more reliability and consistency within the components of the measurement model.
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Factors

Loading

CA

CR

AVE

Relative advantage

0.873
0.864
0.819
0.830
0.840

0.922

0.909

0.852

Complexity

0.752
0.771
0.710
0.755

0.904

0.874

0.763

Compatibility

0.878
0.847
0.865
0.861

0.881

0.913

0.927

Top management commitment

0.712
0.714
0.717
0.745
0.864

0.811

0.813

0.804

Employee adaptability

0.727
0.755
0.779
0.731

0.822

0.818

0.905

Organization readiness

0.823
0.858
0.861
0.891

0.927

0.931

0.799

External support

0.788
0.773
0.744

0.941

0.933

0.947

Competitive pressure

0.811
0.815
0.820

0.890

0.853

0.802

Supportive regulatory

0.895
0.854
0.847
0.837
0.855

0.891

0.891

0.922

5.4 Discriminant Validity

The discriminant validity test evaluates the extent to which a reflective construct is closely linked to its own indicators in the
PLS path model (Hair et al., 2017). The Fronell-Larcker criteria are commonly employed to assess the discriminant validity
of measurement models (Ab Hamid et al., 2017). Based on this criterion, the square root of the average variance extracted
(AVE) by a construct should exceed the construct's correlation with all other constructs (David & Jos’e, 2015; Wu et al.,
2023). Nevertheless, we choose to employ the Heterotrait-Monotrait ratio of the correlation (TMT) approach criteria since it

has shown higher sensitivity and specificity in identifying issues related to discriminant validity (Henseler et al., 2015).

Table 4
Discriminant validity
AR COMX COMY TMC OR EA ES SR
RA 0.738
COMX 0.714 0.817
COMY 0.728 0.881 0.807
TMC 0.855 0.850 0.893 0.711
OR 0.820 0.839 0.886 0.763 0.76
EA 0.746 0.813 0.813 0.784 0.75 0.77
ES 0.829 0.715 0.714 0.721 0.81 0.77 0.80
SR 0.823 0.709 0.715 0.760 0.84 0.74 0.82 0.75
CP 0.732 0.825 0.877 0.709 0.77 0.84 0.72 0.88 0.80
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Table 4 presents the HTMT results, which demonstrate that the measurement model exhibits satisfactory discriminant validity
among the constructs being studied. The fact that all values are below 0.85 indicates that there is sufficient discriminant
validity among the constructs. The correlations between each construct and indicators of other constructs have smaller mag-
nitudes as compared to their correlations with indicators of the same construct. This suggests that the concepts are separate
and do not significantly overlap.

5.4 Assessment of Structural Model

We used PLS-SEM to examine our study hypotheses. The PLS uses the bootstrapping approach to estimate the standard
errors. The route coefficients and p-values for the suggested theoretical model are shown in Table 5 using PLS analysis. We
obtained significant support for H1 (B = 0.77, t = 5.246, p < 0.000), H2 (B = 0.71, t = 4.488, p < 0.000), H4 (B = 0.69, t =
6.159, p <0.000), and H6 (f = 0.58, t=5.176, p < 0.000). In addition, the hypotheses H3 (f =0.39; t=3.098, p <0.211), HS
(B=0.49;t=4.146,p < 0.451), H7 (B = 0.65, t = 5.258, p < 0.331), H8 (B = 0.45, t = 6.906, p < 0.325), and H9 (B =0.75, t =
4.556, p < 0.475) did not get support. The assessment employs routes, as well as the R? and Q?, to determine their relevance.
The R? value of the model, which is 0.621 according to the rustle analysis, indicates that the independent variables in the
model can account for about 62.1% of the variation in the dependent variable. Put simply, the independent variables TOE
together explain 62.1% of the variance seen in the dependent variable artificial intelligence.

Table 5
Hypothesis results
Hypotheses B T P Decision

H1 0.77 5.246 0.000 Supported
H2 0.71 4.488 0.000 Supported
H3 0.39 3.098 0.211 Rejected
H4 0.69 6.159 0.000 Supported
H5 0.49 4.146 0.451 Rejected
Ho6 0.58 5.176 0.000 Supported
H7 0.65 5.258 0.331 Rejected
HS8 0.45 6.906 0.325 Rejected
H9 0.75 4.556 0.475 Rejected

6. Discussion

This research has examined the factors that come before and the circumstances that limit the use of artificial intelligence in
the process of hiring employees. The findings of our study indicate that several contextual factors, such as technology, organ-
ization, and environment, have a significant role in the adoption of artificial intelligence in the process of staff recruitment. In
the context of technology, it has been shown that H1 and H2, namely relative advantage and complexity, are highly indicative
of managers' attitudes towards adopting artificial intelligence recruiting apps, with a statistical significance of p = 0.000. The
relative advantage positively predicts adoption, whereas complexity negatively predicts adoption. This finding validates the
conclusions of previous studies (Baker, 2011; Akter et al., 2021; Christiansen et al., 2022; Al-Zoubi, 2023) about the signifi-
cance of relative benefit and complexity in forecasting the adoption of information technology. The third component that
characterizes innovation is compatibility, which was hypothesized to be a predictor of attitudes towards the use of artificial
intelligence applications in recruiting. Compatibility refers to the extent to which artificial intelligence recruiting applications
are seen as agreeing with the existing rules, beliefs, and practices of the organization. In contrast to the proposed correlation,
the empirical findings indicate that compatibility does not have a substantial impact on managers’ attitudes towards using
artificial intelligence applications in recruiting. Therefore, hypothesis H3 is rejected. Thus, other prior research, including
Gongalves, Dias, Costa, & Da, (2022); Lu, Wijayaratna, Huang, & Qiu, (2022); Al-zoubi et al. (2023), aligns with this study's
findings on the lack of relevance of compatibility criteria. In terms of the organizational setting, the study found that organi-
zational readiness and top management commitment had a significant influence on the adoption of artificial intelligence,
thereby verifying hypotheses H4 and H6. The significant correlation between top management commitment, organization
readiness, and artificial intelligence adoption suggests that expenditures in these domains might greatly impact the results of
Al implementation for SMEs. These findings may assist in informing resource distribution and decision-making by highlight-
ing the position of organization readiness and top management commitment in achieving intended artificial intelligence ob-
jectives and identifying areas where labors may not yield desired outcomes. To make strategic decisions, it is important for
organizations to recognize the strong connection between organization readiness and artificial intelligence. This means that
organizations should prioritize enhancing their preparedness to get better results in artificial intelligence implementation (Taj-
eddini et al., 2023). This may include optimizing procedures, improving productivity, and allocating resources towards tech-
nical improvements to capitalize on the potential advantages of artificial intelligence. Due to the strong correlation between
top management commitment and artificial intelligence, it is crucial for organizations to give high priority to the advancement
and education of their personnel in these important areas. This entails offering chances for reskilling and upskilling to guar-
antee that the staff has the essential expertise to proficiently use artificial intelligence technology. In SMEs, when senior
management engagement was absent, conflicting outcomes were seen (Mohammad & Muhammad, 2023). This research posits
that the absence of endorsement from senior executives is a contributing factor to the limited adoption of artificial intelligence
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among SMEs (Alibraheem et al., 2024). The adaptability of employees does not seem to have any impact on the use of
artificial intelligence, maybe since major organizations do not necessarily allocate resources towards adopting artificial intel-
ligence, therefore rejecting H5. This outcome validates previous findings about the significance of top management commit-
ment and organization readiness in forecasting information technology adoption. In terms of the environmental context, the
impact of external assistance, favorable regulatory regimes, and competitive pressure on the adoption of artificial intelligence
was found to be negligible. There was no evidence to support or refute hypothesis H7, H8, and H9. The absence of statistically
significant connections implies that changes in these factors may not have a substantial influence on the variable artificial
intelligence. Essentially, this means that focusing on altering external support, regulatory settings, or competitive pressure
may not result in significant or observable impacts on artificial intelligence. Other aspects should be taken into account or
investigated instead. The study results strongly correlate with the current situation of SME operations in Jordan (Alzoubi &
Alzoubi, 2020). The lack of these resources may have a greater effect on SMEs, as their human resources, limited financial,
and technical resources may hinder their ability to successfully implement digital technology (Wu et al., 2023). One potential
explanation for the lack of impact of competitive pressure on the adoption of Al is the existence of industry-specific or or-
ganizational qualities that create difficulties in effectively incorporating artificial intelligence. These issues may stem from
the intrinsic attributes of their operating methods or the qualities of the data they manage. Due to artificial intelligence's
relatively limited advantages in these circumstances, competitive pressure may have less of an impact. Furthermore, the inte-
gration of artificial intelligence often requires significant expenditures in several areas, including technical infrastructure, data
collection and management, the employment of qualified individuals, and ongoing system maintenance. When an organization
has financial or resource constraints, the decision to invest in artificial intelligence may be deprioritized due to more immediate
and critical concerns (Akter et al., 2021; Huang & Rust, 2022). This finding validates the findings of Lemos et al., (2022);
Battistoni et al., (2023) on the significance of top management commitment and organization readiness in forecasting the
adoption of information technology.

7. Conclusion

This research investigated the variables that influence the adoption of artificial intelligence among SMEs in Jordan. The data
was analyzed via Smart PLS, employing a sample of 295 respondents obtained by a judgmental sampling approach. The
survey data and research tools that were gathered from the structural model and measurement model using “bootstrapping”
analyzes and the "PLS-SEM" method are valid and can be trusted. Based on the TOE model, we created and conducted an
empirical examination of a model that explores the factors that influence the use of artificial intelligence in the process of
hiring employees. The survey results from Jordan indicate that several factors in the domains of technology, organization, and
environment directly influence the use of artificial intelligence. Considering the comprehensive results, it is recommended
that technology and organizations allocate resources to prioritize investments in top management commitment and organiza-
tion readiness in order to improve the outcomes of artificial intelligence. Although environmental influences may still be
relevant, their influence on the adoption of artificial intelligence may not be as substantial. To enhance the likelihood of
effective adoption and use of artificial intelligence, technology and organizations should carefully allocate resources and
tackle the unique problems encountered by SMEs. Taking care of these issues will help us understand the pros and cons of
implementing artificial intelligence in Small and Medium-sized Enterprises. This will lead to the creation of frameworks,
effective strategies, and tools that will help Small and Medium-sized Enterprises take advantage of artificial intelligence
technology's benefits. In general, there is an ongoing need for the implementation of sustainable development practices in
Jordan, and the integration of artificial intelligence technology might potentially assist in achieving this objective. Adopting
artificial intelligence technologies as auxiliary tools will be challenging if they are not fully acknowledged, and these chal-
lenges must be solved for artificial intelligence to achieve widespread adoption. This study only focuses on the overall utili-
zation of artificial intelligence technology since Small and Medium-sized Enterprises in Jordan are still in the early phases of
implementation. Hence, further investigations need to scrutinize the acceptability of artificial intelligence technology via a
more focused lens, including areas like artificial intelligence implementation in advertising, customer service, product devel-
opment, and sales. The limited number of participants in the sample also places restrictions on the research. The results and
conclusions derived from a limited sample size may not accurately reflect the characteristics or behaviours of the whole
population or Small and Medium-sized Enterprises as a whole. The study's results are less generalizable and have reduced
external validity due to the limited sample size. In addition, the limited number of samples may restrict the range of data,
thereby affecting the strength and dependability of the conclusions. Having a smaller number of data points makes it more
difficult to include the whole spectrum of experiences, views, and settings associated with the deployment of artificial intel-
ligence in Small and Medium-sized Enterprises. Small and Medium-sized Enterprises in various locations may have distinct
obstacles and advantages when it comes to adopting artificial intelligence. Regional disparities in local rules, market circum-
stances, cultural norms, and available resources may significantly influence the implementation and results of Al efforts.
Hence, the conclusions drawn from this research may not accurately represent the knowledge or trends found in Small and
Medium-sized Enterprises outside the borders of Jordan. In order to improve the generalizability of the paper, future research
should aim to broaden the range of Small and Medium-sized Enterprises included in the study, including various locations.
This will provide a more thorough comprehension of the variables that impact the adoption of artificial intelligence and the
resulting consequences. This will enhance the understanding of the difficulties and possibilities encountered by Small and
Medium-sized Enterprises in various situations and assist in the creation of stronger and more practical plans for the use of
artificial intelligence. Finally, as this study is based on quantitative data and depends on the viewpoints of participants rather
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than firsthand observations of artificial intelligence deployment and acceptance in enterprises, it is advisable for future re-
search to utilize a qualitative research methodology or undertake case studies. This will provide a deeper understanding of the
key drivers and challenges that impact organizations' choices to use artificial intelligence in their technological, organizational,
and environmental settings.
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