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Abstract: - This study investigates the effect of organizational artificial intelligence (Al) absorptive capacity on
employees’ perceptions of the smart work environment and how these perceptions influence their digital
innovative behavior in the telecommunications industry, with Digital Transformational Leadership as a
moderating variable. In this study, two important theoretical perspectives were utilized: Absorptive Capacity
Theory, which highlights how organizations acquire, assimilate, and apply their knowledge related to Al, and
Socio-Technical Systems Theory, which addresses the connection between technology and the social aspect of
the working environment. A quantitative research design was used through partial least squares structural
equation modeling (PLS-SEM). The data were gathered from 279 respondents working in the
telecommunication industry in Jordan. These respondents worked for internet service providers, network
operators, and mobile network operators. The findings show that organizational Al absorptive capacity has a
strong positive effect on Smart Work Environment Perception (B = 0.742), which in turn enhances Digital
Innovative Behavior (B = 0.681). Smart Work Environment Perception partially mediates the relationship
between Al absorptive capacity and Digital Innovative Behavior (indirect effect B = 0.506), while Digital
Transformational Leadership positively moderates the relationship between Al absorptive capacity and the
smart work environment (f = 0.276) and between the smart work environment and Digital Innovative Behavior
(B = 0.241). The current research adds value to the literature surrounding AI adoption within organizations by
examining how technical capabilities and organizational leadership help foster Digital Innovative Behavior in
the telecommunications industry.
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1 Introduction Al technologies becomes crucial for organizations’

Organizational business landscapes have witnessed ~ Successful operation in the modern competitive
revolutionary changes as a result of the emergence ~ €nvironment, an equa.lly Important f«'?lCtOF is the
and development of modern artificial intelligence organization’s  capacity to  assimilate these
(Al) technologies and digital transformation [1]. technologies. _

Organizations use intelligent systems to make their Moreover, the emergence of the smart working
operations more effective, efficient, and productive  €nvironment represents one of the main outcomes of
in terms of improving administration processes and  digital transformation [3]. This means that there is a
making decisions. The industry that faces the biggest ~ data-driven environment that is characterized by the
challenge in terms of transformation is the  automation of processes and technological and

telecommunication industry since it operates using ~ human system fusion. This creates an environment
modern technologies. that positively influences employee behavior and

Absorptive Capacity Theory [17] becomes crucial ~ €ncourages employees to innovate and engage with
in the context of Al technologies because it explains ~ digital technology. Digital innovation has been
how an organization can gain, incorporate, and identified as one of the main behavioral outcomes in
utilize knowledge concerning new technologies inits ~ the digital age because of the ability of the

business practices [2]. In other words, while adopting ~ émployees to come up with ideas through the use of
the technology and solving work-related challenges.
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This shows that it has become very important for
managers and researchers to consider the factors that
influence this behavior. In this case, Digital
Transformational Leadership is vital because of its
ability to facilitate employees in innovating and
adopting a smart work environment [4].
Consequently, this research becomes highly
significant in relation to the telecommunications
industry, which has been among the leading adopters
of Al technology [5]. The objective of this study is to
investigate the effect of organizational Al absorptive
capacity on employees’ perceptions of the smart
work environment and on their Digital Innovative
Behavior (hereafter AIAC, SWEP, and DIB,
respectively). Also, the study will look at the
moderating role played by Digital Transformational
Leadership (DTL) in establishing such connections.
The theories that have informed this study include
Absorptive Capacity Theory and Socio-Technical
Systems Theory. These theories help to establish the
connection between technology and human resource
management in a digitalized working environment
[6].

The study also differs clearly from earlier work by
members of the present author team, which examined
the adoption of electronic commerce in small and
medium enterprises [14], the integration of Al and
business intelligence for enterprise performance [15],
and the role of business intelligence in supply-chain
optimization [16]. None of these studies examined
Al absorptive capacity, smart work environment
perception, Digital Transformational Leadership, or
employee-level Digital Innovative Behavior, and the
present study uses a different population, research
model, and newly collected dataset. The remainder
of the paper is organized as follows: Section 2
reviews the literature and develops the hypotheses;
Section 3 describes the methodology; Section 4
presents the results; Section 5 discusses the findings;
Section 6 outlines the contributions; and Section 7
concludes the paper.

2 Literature Review and Hypotheses
Development

2.1 Smart Work Environment Perception
and Digital Innovative Behavior

An intelligent working environment influences the
Digital Innovative Behavior of employees through
the relationship between technological systems and
human beings in the organization. Through the use of
smart systems, employees have access to
sophisticated tools used for obtaining information
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and sharing knowledge [7]. These enable the
employees to interact with the technology and make
use of it to come up with innovations. Interaction
between employees and the technological system
stimulates innovative behavior, such as coming up
with ideas on how to solve problems and making use
of smart digital tools to perform better.
The reason behind such correlation can be explained
based on the mechanism of Socio-Technical Systems
Theory, whereby it states that the individual behavior
in an organization emerges through the interaction of
both the technological and social systems in the
organization [8]. In this case, when there is a smart
workplace which facilitates high integration of both
these systems, the result is the creation of an exciting
organizational setting, enabling individuals to
participate and experiment in the organization. This
leads to digital innovation within the organization.
Accordingly, the following hypothesis is proposed:
H1: Smart Work Environment Perception has a
positive effect on Digital Innovative Behavior.

2.2 Organizational Al Absorptive Capacity
and Smart Work Environment Perception
The ability of the organization to assimilate Al
technologies will affect the creation of the smart
working environment in telecom organizations.
Firstly, the organization learns about the technical
knowledge concerning the implementation of Al
technology, after which it becomes capable of
understanding, integrating, and implementing this
knowledge in its processes [9]. All this demonstrates
the organization’s way of converting technical
knowledge into practical application in the working
environment  through process automation,
information management, and creation of the digital
infrastructure. Consequently, the resulting working
environment turns into a smart environment based on
data and technology.
The reason for this connection is rooted in the
organizational absorptive capacity, a concept that
operates in three sequential steps that include
acquisition of external knowledge about Al, its
internalization by means of comprehension and
analysis and its application through the
transformation into practical uses within the
organization [10]. As a result of such interaction,
technical knowledge is turned into organizational
value via process optimization and digitization,
creating the prerequisites for the smart work
environment in telecommunications organizations.
Hence:

H2: Organizational Al Absorptive Capacity has a
positive effect on Smart Work Environment
Perception.
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2.3 The Moderating Role of Digital
Transformational Leadership

Digital Transformational Leadership serves as a
catalyzing force that shapes the interaction between
the capacity for the acquisition and assimilation of
Al knowledge in an organization and the creation of
a smart work environment in the telecommunication
sector [11]. Although the capacity of an organization
to acquire and assimilate Al knowledge is essential
in the creation of a smart work environment, its
success highly relies on the type of leadership within
the  organization. Digital ~ Transformational
Leadership supports digital transformation through
offering vision, inspiring employees, and creating a
learning culture.

The reason for this relationship lies in the nature
of Digital Transformational Leadership, which
involves inspiration, intellectual stimulation, and the
digital empowerment of employees. Digital
Transformational Leadership, in other words, can be
considered  positively  correlated  with  an
organization’s ability to apply and implement Al
knowledge and technologies into tangible
applications and intelligent systems in the workplace
setting [12]. The more prominent the role played by
Digital Transformational Leadership, the more
pronounced the effect of the organization’s Al
absorptive  capabilities on its smart work
environment. Therefore:

H3: Digital Transformational Leadership
positively moderates the relationship between
Organizational Al Absorptive Capacity and Smart
Work Environment Perception, such that the
relationship is stronger when Digital
Transformational Leadership is high.

Digital Transformational Leadership is also expected
to shape how employees translate a smart work
environment into innovative action. Even when
smart tools and data-driven systems are available,
employees may not experiment with them unless
leaders articulate a clear digital vision, provide
intellectual stimulation, and tolerate the risks that
accompany experimentation [4], [12]. Consistent
with Socio-Technical Systems Theory, leadership is
part of the social subsystem that determines whether
the technical subsystem is used creatively [8]. Hence:

H4: Digital Transformational Leadership
positively moderates the relationship between Smart
Work  Environment Perception and Digital
Innovative Behavior, such that the relationship is
stronger when Digital Transformational Leadership
is high.
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2.4 The Mediating Role of Smart Work
Environment Perception

The Al absorptive capacity within an organization
has an impact on Digital Innovative Behavior since
the required knowledge base and the technical
capabilities have to be established at the
organizational level first [10]. When technical
knowledge is acquired and applied, it enables people
to effectively use Al technologies in their everyday
work. Such a development goes beyond the
organizational level and allows people to think of
new ideas and innovate in a digital manner.

The above statement is supported by the
Absorptive Capacity Theory. According to this
theory, knowledge transfer happens on several levels
within an organization [13], [14]. First, there is the
acquisition of external knowledge related to Al
technology; then the internal assimilation and
understanding take place; and finally, the knowledge
becomes applied. Thus, when such a process of
knowledge transfer takes place within an
organization, it leads to people’s ability to innovate
digitally [15], [16]. Part of this effect is expected to
be direct, while part is expected to be transmitted
through the smart work environment that Al
absorptive capacity creates. Accordingly:

H5: Organizational Al Absorptive Capacity has a
positive direct effect on Digital Innovative Behavior.

H6: Smart Work Environment Perception
mediates the relationship between Organizational Al
Absorptive  Capacity and Digital Innovative
Behavior.

2.5 Conceptual Framework

Figure 1 presents the conceptual framework. Each
box represents a latent construct and each arrow
corresponds to one hypothesis. The solid horizontal
arrows denote the direct effects AIAC — SWEP
(H2) and SWEP — DIB (H1), and the curved arrow
denotes the direct effect AIAC — DIB (HS5). The
sequence AIAC — SWEP — DIB constitutes the
mediating relationship (H6), in which SWEP
transmits part of the effect of AIAC to DIB. The two
dashed arrows originating from DTL do not point to
a construct but to the middle of the AIAC — SWEP
and SWEP — DIB paths; they therefore represent
moderating relationships (H3 and H4), in which DTL
is expected to change the strength of these
relationships rather than to affect a construct directly.
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Fig. 1. Conceptual framework and research

hypotheses
Source: created by the authors.

3 Methodology

A guantitative method was used in order to explore
the inter-relationships among the variables of the
proposed theoretical model. A descriptive-analytical,
cross-sectional design was utilized to investigate the
effect of Al absorptive capacity on the smart work
environment and Digital Innovative Behavior, as
well as the moderation of Digital Transformational
Leadership on the above-mentioned relations. This
method is appropriate to use in scientific research
where hypotheses and cause-and-effect relationships
need to be tested.

3.1 Research Population

The population under investigation consists of
employees in  Jordanian  telecommunication
companies such as ISPs, telecommunication network
operators, and mobile communication network
operators. This is due to the fact that this industry is
highly dependent upon artificial intelligence
technologies.

3.2 Sample, Sampling Procedure, and
Respondents

The study was conducted in the telecommunications
industry in the Hashemite Kingdom of Jordan among
employees working in internet service providers,
network companies, and mobile telecommunications
service providers. The convenience sampling
approach was used by distributing questionnaires
among the target population and asking for their
voluntary participation. Specifically, 300
questionnaires were distributed in January—February
2026, among which 290 were returned. After
removing 11 questionnaires that could not be used
for analysis or were filled out incorrectly, the final

E-ISSN: 2224-3402

663

number of analyzed questionnaires equals 279,
which is 93.00% of the initial sample.

Sample adequacy was assessed with two criteria.
According to the ten-times rule, the sample should be
at least ten times the largest number of structural
paths pointing at any construct; with at most four
predictors of DIB (AIAC, SWEP, DTL, and the
SWEP x DTL interaction term), at least 40
observations are required. Using the more
conservative inverse square root method [20], with
the smallest path coefficient in the model (0.241) and
a 5% significance level, the minimum sample size is
(2.486 / 0.241)* = 107. The sample of 279
respondents exceeds both thresholds.

Of the 279 respondents, 61.3% were male and
38.7% female; 93 employees (33.3%) worked for
mobile network operators, 79 (28.3%) for internet
service providers, and 107 (38.4%) for network
operators. Most respondents held a bachelor’s degree
(174 employees, 62.4%), had 5-10 years of work
experience, and 58.4% occupied technical positions.

3.3 Questionnaire Development and
Measures

In this study, data were collected using a structured
questionnaire consisting of two parts: the first part
collected the demographic and job characteristics of
respondents, and the second part measured the four
study constructs. All items were adapted from
previously validated scales: AIAC was measured
with 6 items adapted from [10], [17]; SWEP with 5
items adapted from [7], [8]; DIB with 6 items
adapted from [4], [12]; and DTL with 5 items
adapted from [11], [12]. All items were rated on a
five-point Likert scale ranging from 1 (strongly
disagree) to 5 (strongly agree). The gquestionnaire
was translated into Arabic using back-translation,
reviewed by 5 academic experts for content validity,
and pre-tested on a pilot sample of 30 employees
who were not included in the final sample.

The data used in this study were collected
specifically and independently for the present
research and have not been used in any of the
authors’ previous publications or submissions,
including [14]-[16].

3.4 Data Analysis

In order to analyze the data collected, Partial Least
Squares Structural Equation Modeling (PLS-SEM)
was performed using SmartPLS 4.1.0.6. Following
the two-step approach recommended by Hair et al.
[18], the measurement model was assessed first
through indicator loadings, Cronbach’s a, composite
reliability (CR), average variance extracted (AVE),
and discriminant validity using the Fornell-Larcker
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criterion [19]; the structural model was then assessed
to test the hypotheses. The significance of path
coefficients was determined by bootstrapping with
5,000 subsamples, using percentile 95% confidence
intervals and two-tailed tests at the 5% significance
level. Collinearity among predictor constructs was
examined with the variance inflation factor (VIF).
Explanatory power was evaluated with R? effect
sizes with Cohen’s f* (0.02, 0.15, and 0.35 indicating

instruments. With respect to convergent validity, all
average variance extracted (AVE) values were above
the minimum acceptable threshold of 0.50, with a
range of 0.742 to 0.783. This implies that the items
of each variable account for a substantial proportion
of the variance in the variables. All indicator outer
loadings ranged from 0.795 to 0.912, exceeding the
recommended value of 0.708 [18].

small, medium, and large effects) [21], and Table 1. Reliability and convergent validity of the

predictive relevance with Stone-Geisser’s Q2 constructs

obtained using the blindfolding procedure with an Construct |Items |Source a CR |AVE

omission distance of D = 7 [18], [22] The mediating AIAC 6 [10],[17] [0.891 [0.924 (0.783

effect (H6) was tested by bootstrapping the indirect

effect and classified following Zhao et al. [23]. The SWEP > 7], 18] 0874 |0.911 |0.742

moderating effects (H3 and H4) were estimated by DIB 6 [4]. [12] |0.903 |0.932 |0.769

creating interaction terms using the two-stage |DTL 5 [11],[12] 0.886 |0.918 |0.756

approach in SmartPLS. This technique is appropriate Source: created by the authors.

for the analysis since the model includes mediating o )

and moderating relationships. NoFe: AIAC = Organizational Al At_)sorptlve
Capacity; SWEP = Smart Work Environment

3.5 Validity, Reliability, and Ethical
Considerations

Validity and reliability were measured by using
composite reliability, convergent validity, and
discriminant validity in order to check the validity of
the instrument used in measuring the constructs.
Ethics were observed in this study since
confidentiality of information provided by the
respondents was assured, the data were used for
research purposes only, and respondents could
withdraw at any point of time. The study was
reviewed and approved by the Scientific Research
Ethics Committee at Zarga University (approval No.
24/2025/117, dated November 26, 2025).
Participation was voluntary, respondents were
informed of the purpose of the study, and informed
consent was obtained before the questionnaire was
completed. No personally identifying information
was collected.

Perception; DIB = Digital Innovative Behavior; DTL
Digital Transformational Leadership; o
Cronbach’s alpha; CR = composite reliability; AVE
= average variance extracted.

Table 1. reports, for each construct, the number of
items, the source of the adapted scale, and the three
reliability —and convergent-validity indicators.
Cronbach’s a ranges from 0.874 (SWEP) to 0.903
(DIB), and CR ranges from 0.911 (SWEP) to 0.932
(DIB); all values exceed the 0.70 threshold and
remain below 0.95, the level above which item
redundancy becomes a concern [18]. AVE ranges
from 0.742 (SWEP) to 0.783 (AIAC), meaning that
each construct explains roughly three-quarters of the
variance of its own items, well above the 0.50
criterion. SWEP shows the lowest, and DIB and
AIAC the highest, values on these indicators, but the
differences are small, and the measurement model
can therefore be used to estimate the structural model

Table 2. Discriminant validity (Fornell-Larcker

criterion)
4 Results AIAC |SWEP |DIB  |DTL
4.1 Measurement Model AIAC 0885
The results from the validity and reliability test |SWEP 0.701 0.861
indicate that all study variables have very high DIB 0.612 0.744 0.877
degrees of internal reliability, with Cronbach’s alpha DTL 0.598 0.621 0.655 0.869

values ranging from 0.874 to 0.903, above the
minimum acceptable threshold of 0.70, thus
indicating high internal consistency of items for each
study variable. In addition, the composite reliability
values of 0.911 to 0.932 indicate the very high level
of consistency and reliability of the measurement

E-ISSN: 2224-3402

664

Source: created by the authors.
Note: Diagonal values (bold) are the square roots of
the AVEs in Table 1; off-diagonal values are inter-
construct correlations.
Table 2. assesses discriminant validity using the
Fornell-Larcker criterion [19]. The diagonal values
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are the square roots of the AVESs reported in Table 1
(N0.783 = 0.885 for AIAC, V0.742 = 0.861 for
SWEP, ¥0.769 = 0.877 for DIB, and V0.756 = 0.869
for DTL), and the off-diagonal values are the
correlations between constructs. Each diagonal value
exceeds every correlation in its row and column. The
highest correlation, between SWEP and DIB (0.744),
is lower than both VAVE of SWEP (0.861) and
VAVE of DIB (0.877); likewise, the correlation
between AIAC and SWEP (0.701) is lower than
0.885 and 0.861, and the correlations of DTL with
the other constructs (0.598-0.655) are lower than
0.869. Each construct therefore shares more variance
with its own indicators than with any other construct,
which supports discriminant validity

4.2 Structural Model

Before the structural relationships were evaluated,
collinearity among the predictor constructs was
examined. The inner-model VIF values ranged from
1.842 to 2.451 (Table 5), below the threshold of 3
[18], indicating that collinearity does not bias the
path estimates.

Table 3. Coefficient of determination (R?) and
predictive relevance (Q?)

of the data, re-estimates the model, and predicts the
omitted values. A Q? greater than zero indicates that
the model has predictive relevance for a given
construct, while values of 0.02, 0.15, and 0.35
indicate small, medium, and large predictive
relevance, respectively [18]. The Q? values of 0.402
for SWEP and 0.463 for DIB are therefore above
zero and indicate large predictive relevance. These
values show that the model has predictive relevance
for both endogenous constructs; they do not,
however, by themselves show that the model’s
predictions are accurate in an absolute sense.

The findings indicate a high level of impact of
organizational Al absorptive capacity (p = 0.742, t =
12.315, p < 0.001; H2) on Smart Work Environment
Perception, since telecommunications companies that
are more capable in terms of acquiring, analyzing,
and utilizing their technical knowledge would be
able to redesign the modern digital work
environment accordingly. It seems that digital
transformation in such organizations is not a chance
process but is a result of the development of
organizational competencies required for the
assimilation of the technology. Another finding is
that the smart work environment positively impacts
Digital Innovative Behavior (B = 0.681, t = 10.842, p

Endogenous R> |Q* |Interpretation < 0.001; H1), because creating a data-driven,
construct automated, and interconnected digital environment
SWEP 0.551]0.402 | Moderate R?; large encourages  harmonious interactions  between
Q’ employees and technologies, thus increasing their
DIB 0.673|0.463 | Moderate R?; large propensity to come up with innovative solutions.
Q In addition, the direct effect of Al absorptive

Source: created by the authors.

Table 3. reports the explanatory power (R?) and
predictive relevance (Q?) of the two endogenous
constructs. R? was obtained from the PLS algorithm
and represents the proportion of variance in each
endogenous construct explained by the constructs
that point to it. AIAC, together with DTL and the
AIAC x DTL interaction term, explains 55.1% of the
variance in SWEP (R? = 0.551), and AIAC, SWEP,
DTL, and the SWEP x DTL interaction term jointly
explain 67.3% of the variance in DIB (R? = 0.673).
According to the guidelines of Hair et al. [18] (0.25
weak, 0.50 moderate, 0.75 substantial), both values
indicate moderate explanatory power, with DIB
approaching the substantial level. This is consistent
with the view that digital innovation in
telecommunication organizations is not determined
by a single variable but results from the combined
effect of organizational capability, the work
environment, and leadership

Q? was obtained using the blindfolding procedure
with an omission distance of D = 7, which omits part
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capacity on Digital Innovative Behavior (f = 0.389, t
= 6.214, p < 0.001; H5) implies that the effect of Al
is not limited to altering the organizational
environment; it also impacts employee behavior in a
direct way. This means that having more
technological and cognitive skills in organizations
due to available knowledge and technology gives
employees the ability to engage in innovation
regardless of whether or not the organizational
environment has changed.

In relation to the moderating effect of Digital
Transformational Leadership, findings imply that it
strengthens the relationship between Al absorptive
capacity and smart work environment (f = 0.276, t =
4.983, p < 0.001; H3). This shows the impact that
supportive Digital Transformational Leadership has
on accelerating the process of translating technical
knowledge to organizational settings. Similarly,
Digital Transformational Leadership strengthens the
relationship between smart work environment and
Digital Innovative Behavior (B = 0.241, t =4.417, p
< 0.001; H4). The positive signs of both interaction
terms indicate that the two relationships become
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stronger as the level of Digital Transformational
Leadership increases.

The findings indicate a substantial mediating
effect of the smart work environment on the
connection between organizational Al absorptive
capacity and Digital Innovative Behavior (indirect
effect B = 0.506, t = 8.732, p < 0.001; H6). The
indirect effect equals the product of the two
component paths (0.742 x 0.681 = 0.505), and its
bootstrap confidence interval [0.412, 0.598] does not
include zero. Because the direct effect of AIAC on
DIB (B = 0.389) is also positive, the mediation is
partial (complementary) in the sense of Zhao et al.
[23]: the total effect of AIAC on DIB is 0.895 (0.389
+ 0.506), and the indirect path accounts for
approximately 56.5% of it (variance accounted for,
VAF = 0.506 / 0.895). In other words, the effect of
artificial intelligence on innovation is partly direct,
and partly the result of the process through which the
work  environment is  transformed.  This
transformation plays an intermediary role, acting as a
medium of the influence of the organizational
resources and their transmission to the employee’s
behavior.

Table 4. Results of hypothesis testing

Hyp. | Path B t- p- Decision
value |value

H1 |SWEP — DIB |0.681|10.842|0.000 |Supported

H2 |AIAC — 0.742|12.315|0.000 |Supported
SWEP

H3 |DTL x AIAC |0.276|4.983 |0.000 |Supported
— SWEP

H4 |DTL x SWEP |0.241|4.417 |0.000 |Supported
— DIB

H5 |AIAC — DIB |0.389|6.214 |0.000 |Supported
(direct)

H6 |AIAC — 0.506(8.732 |0.000 |Supported
SWEP — DIB (partial)
(indirect)

Source: created by the authors.

Note: p = standardized path coefficient; t- and p-
values obtained by bootstrapping (5,000 subsamples,
two-tailed); x denotes an interaction (moderating)
term.

Table 4. summarizes the hypothesis tests. The two
direct paths of the mediation chain are the strongest
relationships in the model: AIAC — SWEP (f =
0.742) and SWEP — DIB (B = 0.681), both with t-
values above 10. The direct effect of AIAC on DIB
(B = 0.389) is about half the size of the AIAC —
SWEP path, which is consistent with partial
mediation. The two moderating effects are smaller (3
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= 0.276 and 0.241), as is usual for interaction terms,
but the first is highly significant (t = 4.983). The
indirect effect (B = 0.506) is significant and close to
the product of its two component paths, as expected
for a mediated path

Table 5. Confidence intervals, effect sizes, and
collinearity diagnostics

Path 95% Cl f VIF
AIAC — SWEP [0.654, 0.812] [0.963 |1.842
SWEP — DIB [0.598,0.752] [0.874 [2.316
AIAC — DIB [0.271,0.498] [0.162 |2.108
DTL x AIAC — SWEP  |[0.171, 0.376] |0.038 |1.927
DTL x SWEP — DIB [0.139, 0.338] [0.032 [2.451
AIAC — SWEP — DIB  |[0.412, 0.598] |— -

Source: created by the authors.
Note: CI = percentile bootstrap confidence
interval; f2 = Cohen’s effect size (0.02 small, 0.15
medium, 0.35 large); VIF = inner-model variance
inflation factor.

Table 5. complements Table 4 with the bootstrap
confidence intervals, the effect sizes, and the
collinearity diagnostics of each path. A path is
considered significant when its 95% confidence
interval does not include zero. The effect size 2
indicates how much R? of the endogenous construct
decreases when the predictor is removed from the
model. For interaction terms, 2 values of 0.005, 0.01,
and 0.025 are regarded as small, medium, and large
effects, respectively [18]

Figure 2. Displays the estimated structural model
with the standardized path coefficients and the R?
values of the endogenous constructs, so that each
hypothesis in Figure 1 can be compared directly with
its estimated effect

Digital Transformational
T

Leadership (DTL.

HS direct effect: 0.389

Fig. 2: Estimated structural model (standardized
coefficients; *** p < 0.001)
Source: created by the authors.

5 Discussion

The findings from the study have clearly
demonstrated that organizational Al absorptive
capacity is significant when developing a smart work
environment in the telecommunication industry (H2).
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This observation can be attributed to the fast pace at
which the industry is changing. Adaptation to Al
technology is currently not just about technology but
rather the organizational ability to do so. It is
important for organizations to have the necessary
capabilities to be able to acquire technical knowledge

Thus, Digital Transformational Leadership helps
increase organizational trust and create the proper
conditions for implementing digital transformation,
contributing to the effectiveness of organizational
absorptive capacity and of the smart environment
concerning innovative behavior. In summary, the

and utilize it in their business processes. research indicates that digital innovation in
Organizations that are capable in this respect are telecommunication organizations results from the
more likely to adapt to smart technology through a interaction of different factors. Specifically,
restructured work environment. organizational capacities (absorptive capacity),

The findings further indicated that the smart
working environment had a profound effect on the
Digital Innovative Behavior of employees (H1). This
may be due to the characteristics of the smart
working environment that are automated, provide
instant  feedback, and improve knowledge
management systems. The smart environment is not
just efficient but also an environment that promotes
innovation and helps employees engage in
innovation by allowing them to explore different
ideas, use the digital medium in novel ways, and find
solutions to business problems in a creative manner.

The findings have further corroborated the
mediating effect of the smart work environment on
the relationship  between organizational Al
absorptive capacity and Digital Innovative Behavior
(H6), indicating that this smart work environment
acts as an intermediary factor through which the
effects of the former variable are channeled to the
latter. Because AIAC also has a direct effect on DIB
(H5), the mediation is partial: AIAC influences DIB
both directly (B = 0.389) and indirectly through
SWEP (B = 0.506), with the indirect path accounting
for about 56.5% of the total effect. The effects
therefore depend to a large extent on how the
organizational context is changed to affect the
employees’ actions. Consequently, the smart
environment becomes an important explanation of
how Al affects the individuals via the organization.

With respect to the effect of Digital
Transformational Leadership as a moderator, the
findings indicated that Digital Transformational
Leadership positively moderates the relationship
between AIAC and SWEP (H3, B = 0.276) and the
relationship between SWEP and DIB (H4, p =
0.241). The rationale behind this phenomenon lies in
the fact that Digital Transformational Leadership is
not only about giving instructions from the
managerial position but includes such important
elements as building a common vision regarding
digital transformation, motivating employees to work
with technology, overcoming employee resistance to
new technologies, and fostering experimentation and
innovation.
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technological infrastructure (smart environment),
human resources (employees), and management
(Digital  Transformational Leadership) operate
together, resulting in digital innovation.

These findings are also influenced by the level of
advancement associated with the telecommunications
industry as one of the industries with the highest
levels of advancements in the process of
digitalization, which allows the utilization of digital
infrastructure to support artificial intelligence, and
this makes the contribution of the studied factors
even more clear and tangible.

6 Contributions of the Study

6.1 Theoretical Contributions

This research makes an important theoretical
contribution to the field of digital transformation and
artificial intelligence by incorporating Absorptive
Capacity Theory and Socio-Technical Systems
Theory within a holistic framework. It is shown that
absorptive capacity in organizations is able not only
to explain technology adoption but also to show how
technical knowledge is turned into an intelligent
working environment, thereby impacting worker
behavior. In addition, Socio-Technical Systems
Theory is extended in terms of the significance of the
intelligent environment as the mediator between
technology and worker behavior. Moreover, one
important feature of this study is the introduction of
Digital Transformational Leadership as a moderator.
This shows that apart from having a direct effect,
leadership can have an interactive effect on the
effectiveness of organizational and technological
capabilities in an organization.

6.2 Practical Implications

The paper provides a number of practical
implications that can be used by telecommunications
firms. The need to increase organizational absorptive
capacity in artificial intelligence is pointed out with
respect to the need to invest in training,
digitalization, and the creation of technological
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infrastructure. The design of smart work
environments through combining digital technologies
and personnel is also emphasized. The results also
underscore the need for Digital Transformational
Leadership practices in telecommunications firms by
stimulating innovation among employees and
reducing resistance to change, which fosters digital
work culture.

7 Conclusion, Limitations, and Future

Research

This study examined how organizational Al
absorptive capacity shapes employees’ Smart Work
Environment Perception and Digital Innovative
Behavior in  Jordanian  telecommunications
organizations, and how Digital Transformational
Leadership conditions these relationships. Based on
279 responses analyzed with PLS-SEM, Al
absorptive capacity strongly improved perceptions of
the smart work environment, which in turn promoted
Digital Innovative Behavior; the smart work
environment partially mediated the effect of Al
absorptive capacity on Digital Innovative Behavior,
and Digital Transformational Leadership
strengthened both the AIAC-SWEP and SWEP-DIB
relationships.

The study has several limitations. First, its cross-
sectional design limits causal inference, and
longitudinal designs are recommended. Second, all
constructs were measured through self-reported data
from a single source, which may introduce common
method bias; future studies could combine employee
responses with supervisor ratings or objective
innovation indicators. Third, the sample was drawn
from a single industry in one country, which limits
generalizability; replication in other sectors and
countries is therefore encouraged. Finally, future
research could examine additional mediators and
moderators, such as employees’ digital skills or
organizational learning culture.
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