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Abstract: With the increasing rate of development in the business world today, organizational
sustainability has emerged as a strategic objective, whereby the use of innovative technology for
better decision making and performance becomes essential for leaders. Leaders are faced with the
challenge of integrating the Al capabilities in line with their strategic objectives, data quality issues,
ethical dilemmas, and skill gaps for attaining sustainability. The current research goal is to inspect the
inspiration of Al-powered management capabilities such as AISL, AIDMP, and AIOF on 0OSO in
corporations. Quantitative data were gathered from 250 managers working in different industries
through questionnaires and organization performance data. Analysis was done using IBM SPSS 26. The
data were analysed utilizing Exploratory Factor Analysis (EFA), Structural Equation Modeling (SEM),
and regression analysis to evaluate the relationship among Al-driven leadership competencies (AILC)
and organizational sustainability indicators, including resource efficiency, environmental compliance,
and long-term financial performance. The results show significant positive effects on OSO, with AILC
exerting the strongest influence (B = 0.34), followed by AIDMP (B = 0.29), and AISL (B = 0.21). Al-driven
leadership competencies enable sustainable organizational growth and offer practical guidance for
executives integrating technology into sustainability strategies.

Keywords: Al-Driven Leadership; Leadership Competencies; Organizational Sustainability; Strategic
Decision-Making; Sustainable Performance.

Introduction

Sustainable growth is a complex and multidimensional activity. Economic, social, and environmental
aspects are its three fundamental facets. To become the fundamental producing force of society,
knowledge is also necessary [1]. The opportunities in sustainable supply chain management
implementation exist in established and developing markets [2]. The administrators should focus on
overall management, such as economic, social, and ecological performance. In addition to improving
the organization's reputation and the environment, such a sustainable logistics solution can also
provide businesses with financial benefits [3].

Leadership practices refer to the dynamic attitudes, behaviors, and performances that leaders use to
motivate teams and organizations to achieve certain goals. Leaders should adjust their approach
depending on the environment, team dynamics, and business goals [4]. Al denotes the ability of a
processor to perform tasks that are similar to human knowledge and decision-making. Businesses
have been transformed by Al, and other companies that have integrated its application to implement
state-of-the-art business models [5]. The application of Al in executive processes is reported to recover
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the excellence of choices. Al was applied mostly across the board, from the simple decision-making of
suggesting films and books to the more important ones, such as the hiring process, credit risk
prediction, and medical diagnostics [6].

Digitalization and Al drive a shift from traditional hierarchical management to agile, technology-based
models, enabling flexible business strategies suitable for dynamic environments [7]. In the context of
companies operating in this Al-based environment, the focus is on leveraging Al to improve the
decision-making process, promote business success, and ensure long-term company expansion that’s
becoming more digitized [8]. Al has significantly affected leadership strategy formulation and
application, besides disrupting entire industries. Understanding the revolutionary Al's effects on
leadership becomes critical for managers, organizations, and leaders [9]. Understanding how Al can
alter the conventional approaches to leadership allows stakeholders to use its capabilities to become
more creative, enhance decision-making, and modify the dynamics within teams [10-11].

Despite growing Al adoption, many organizations lack clarity on how AILC influences sustainability
outcomes. There is no empirical data on how managerial insight, judgment skills, and Al strategic
literacy (AISL) translate into quantifiable corporate sustainability outcomes across sectors. The
research investigates the impact of Al-driven leadership competencies (AILC) on organizational
sustainability outcomes (0SO) and analyzes the direct and mediating effects of Al-enabled decision-
making and operational foresight.

Related work

The sustainable Al use in organizations has discussed, and the influence of corporate culture in
adopting Al as a way of ensuring sustainability. Sustainability-oriented cultural traits were discovered
through a bibliometric analysis. Cultural features and Sustainable Artificial Intelligence (SAl) practices
were found to have six interactions, which highlighted the significant role of culture. However, the
research was limited because it only considered a limited range of literature and did not have empirical
evidence to support it [12]. The paper addressed the use of Al in educational leadership as a
conceptual framework that was biologically based on Al, leadership, and decision-making theories
[13]. The framework with the inputs, processes, outputs, and feedback was considered concerning the
impact on teaching performs and strategies. The findings pinpointed the potential benefits and the
issues of Al. The limitations were related to the generalizability of the framework and the need for
empirical confirmation.

The influence of Al on leaders and leadership in industrial socio-technical systems was a subject of
consideration. An extensive literature review was conducted, and the results were broken down into
Qualifications, Strategic Transformation, Competencies, and Human-Al Interaction. The study
revealed the significance of leadership in the implementation of Al, and among the limitations were
that the research was based only on already existing literature and that there was a need for empirical
confirmation in the field [14]. An investigation was made into how the management role at the
maximum level contributed to the practise of Al for powering innovation in business models. A theory
grounded in data was derived inductively from 47 semi-structured interviews. The diagram revealed
five central skills and eight managerial functions. However, these results were derived from qualitative
feedback of practitioners in limited contexts; thus, it implies that further empirical and cross-industry
confirmation should be obtained in subsequent research [15].
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The e-recruitment for post-pandemic leadership by introducing Leadership Complementary Skills
(LCS) rather than individual traits was investigated. Insights were taken from the experience and
professional conversations [16]. The Honeycomb Complementary Skills Model was created, indicating
possible skill combinations for leadership selection. Still, the model lacked empirical validation, and
subsequent studies might elaborate and validate the model. The idea of using robots and Al for
enhancing operational performance was discussed [17]. Interviews were conducted with
administrators in ten companies and 108 employees. The results obtained from these interviews have
been analysed using Partial Least Squares- Structural Equation Modeling (PLS-SEM). Knowledge-driven
leadership combined with trust has been the main factor leading to increased efficiency. However,
the results were dependent on the context and had small sample sizes, so they needed to be broadly
confirmed in different sectors.

The research described in [18] examined how variations in the degree of Al adoption exaggerated the
sustainability performance of businesses. The empirical analysis, which was based on tests of 451
employees in manufacturing companies, also revealed that there was a significant rise in
environmental, economic, and social performance. An examination was conducted on how the
development of artificial intelligence in the listed companies affected sustainability [19]. From the
company data, it was concluded that Al contributed to sustainability, which was enabled by
productivity, transparency, and the education of employees. Government policy has thus played a role
in achieving better outcomes, and the changes have had various effects on factor-market
development. However, the outcomes were only local, and there was a need to generalize them at
the global level.

A conceptual model was introduced that clarifies how leadership mediates the relationship amongst
individuals and Al. Using qualitative analysis, it identified strategic leadership mechanisms that enable
hybrid decision-making. However, the framework remained conceptual without empirical verification,
requiring future validation [20].

Key Contributions

e An Al-driven leadership competency framework incorporating Al Strategic Literacy (AISL),
AIDMP, AIOF, and Al-Driven Leadership Competencies (AILC) has been developed to explain
0SO0.

e The relationship between executive insight, judgment, and Al strategic literacy (AISL) and
measurable business viability results across industries is not supported by actual data.

e It identifies AIDMP and AIOF as the main intermediate processes that associate Al leadership
with sustainability results.

e The major gap is in offering cross-industry empirical validation of Al-enabled leadership
models, extending sustainable and responsible leadership.

e The findings serve as a guide to organizations in producing leadership practices that are data-
driven, future-oriented, and achieve long-term sustainability results.

Hypothesis Development

Six hypotheses (H1-H6) have been formulated to test the effectiveness of AILC in OSO improvement.
Variables such as AISL, AIDMP, AIOF, AILC, and OSO are among the main factors considered by the
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study in its examination of Al-powered leadership capabilities and their direct/indirect impact on
sustainability performance. The proposed hypotheses examine both direct effects and mediation
relationships and are presented as follows:

H1: AISL has a positive and significant influence on OSO.

AISL helps leaders to know and match the Al applications to their sustainability goals. Those leaders
who are more knowledgeable in Al can strategically use Al to have a better impact on resource
efficiency and to record higher sustainability performance for the future.

H2: AIDMP contributes positively to OSO.

AIDMP has been instrumental in decision-making, which otherwise would have been made with
higher uncertainty and inefficiency in the operation. Such a skill will lead to better risk management
and resource utilization, thus having a positive effect on 0SO.

H3: AIOF has a significant positive influence on OSO.

AIOF allows leaders to predict risk and sustainability issues in the future. This foresight potential is
found to improve organisational flexibility, regulatory deviance, and sustainability performance over
time.

H4: AILC has a positive and significant impact on OSO.

AILC strategically combines literacy, decision-making skills, and foresight. The combination of these
competencies, in fact, allows companies to not only incorporate Al in their stable strategies but also
to attain higher sustainability outcomes.

H5: AIDMP acts as a mediator variable between AISL and OSO.

AISL influences sustainability indirectly through AIDMP. As a result, when the use of Al in a strategic
way is effectively communicated to data-driven managerial decisions, the sustainability performance
gets enhanced.

H6: AIOF is an intermediary group made up of AIDMP and OSO.

The AIOF nature forwards the mediation between AIDMP and sustainability outcomes that connect
the present choices and future sustainability risks and opportunities.

Figure 1 shows the conceptual framework. The variables AISL, AIDMP, and AIOF play the role of
primary predictors, while decision making competence and operational forecasting operate as
mediators. In an orderly manner, these Al-enabled capabilities of leadership help transform
knowledge of Al to decision-making and forethought actions.
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Figure 1. Conceptual Framework
Method, Experiments, and Results

Quantitative exploration project was used in investigating the impact of AILC on OSO in organizational
settings. The research sought to find out how the AILC attributes of leaders including AISL, AIDMP, and
AIOF impacted sustainability performance, considering the mediating and moderating variables. This
can be seen in the overall research methodology presented in Figure 2 below.
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Figure 2. Overall methodological flow
lllustration and Data Gathering

The information were gathered from 250 middle and senior level managers working for
manufacturing, information technology, finance, health care, and service firms. Purposive selection
method was used to select the respondents, guaranteeing that the respondents are actively involved
in decision making and use of Al at their organization. The respondents received the questionnaire
through email.

Table 1. The demographic data of the participants (N = 250)

Demographic Variable | Category Frequency (N=250) | Percentage (%)

Gender Female 90 36.0
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Male 158 63.2
Other 2 0.8
Age Group Below 30 years 42 16.8
41-50 years 74 29.6
31-40 years 88 35.2
Above 50 years 46 18.4
Education Level Bachelor’s Degree 96 38.4
Doctorate 36 14.4
Master’s Degree 118 47.2
Managerial Level Middle-level Management | 142 56.8
Senior-level Management | 108 43.2
Industry Type Manufacturing 54 21.6
IT / Technology 62 24.8
Finance 46 18.4
Healthcare 38 15.2
Service Sector 50 20.0
Work Experience Less than 5 years 48 19.2
More than 10 years 100 40.0
5-10years 102 40.8

Table 1 reflects the diversity in terms of age, gender, education, leadership level, industry and
professional experience of participants. Most of the respondents were male, of age between 31-40
years, had master’s degrees and were at middle level of management. Participants were selected from
various industries and had mostly over five years of professional experience.

Measurement of Constructs

All constructs were measured through multi-item events with a 5-point Likert scale where 1 indicates
strongly disagree and 5 represents strongly agree scale to get response.

> AISL: Reflected knowledge of leaders regarding Al concepts, strategy and planning.

» AIDMP: Indicated the use of Al tools by the leaders for analysis, forecasting and risk-based
decision making.

» AIOF: Measured the ability of leaders to utilize Al tools for forecasting operations and
sustainability issues and requirements.
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» AILC: Measure of integration of AISL, AIDMP and AIOF for guiding organizational actions for
sustainable performance.

» 0SO0: Performance outcomes of organization with respect to efficient use of resources and
compliance.

Statistical analysis

Statistical analysis followed a multi-stage approach using IBM SPSS 26. It was demonstrated that
exploratory factor analysis (EFA) could identify the constructs' underlying factor structure. CFA was
then used to validate reliability and validity. SEM tested the hypothesized relationships, while multiple
regression analysis was performed as a robustness and explanatory check.

Multiple Regression Analysis (MRA)

MRA is performed to investigate the predictive power of AISL, AIDMP, AIOF, and AILC on OSO. This
approach enabled the identification of the relative contribution of each predictor for interaction
effects. The analysis assessed regression coefficients (B), explained variance (R2), and statistical
significance (p < 0.001).

Z=Po+ BY1+ LYo+ 4+ PpYy te€ (1)

In Equation (1), Z denotes the outcome variable, Y3, Y5, ... Y, represents the predictor variables, 3,
evaluates the intercept value, 4,5, ..., B demonstrate the coefficients, and € denotes the error
term.

Where B denotes the unstandardized coefficient, B represents the standardized effect, SE evaluates
the standard error, t denotes the t-statistic (significance test), and p-value provides the significance
level.

Table 2. Multiple Regression Analysis of Predictors on OSO

Predictor Variable | B B SE t p-value
AISL 0.21 | 0.18 | 0.06 | 3.50 | <0.001
AIDMP 0.29 | 0.26 | 0.07 | 4.14 | <0.001
AIOF 0.24 | 0.22 | 0.06 | 3.98 | <0.001
AILC 0.37 | 0.34 | 0.08 | 4.63 | <0.001
0sOo 0.31 | 0.28 | 0.07 | 4.43 | <0.001

Table 2 shows that all predictors significantly impact on OSO. AILC (B = 0.34) was identified to be the
most important predictor, then followed by OSO (B = 0.28) and AIDMP (B = 0.26). AILC and AIOF have
significant impacts as well. The results show that Al-supported leadership capabilities significantly
contribute to sustainability performance. Figure 3 presents the distribution of regression errors for
the samples.
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Figure 3. Regression coefficients of predictor variables

Exploratory Factor Analysis (EFA)

Factor analysis is employed to examine the underlying factor structure of all the five constructs: AISL,
AIDMP, AIOF, AILC, and OSO. The results obtained from the Bartlett's Test of Sphericity and Kaiser-
Meyer-Olkin (KMO) test indicated an adequate example (p < 0.001). The items with low factor loadings
were discarded.

Table 3. Factor Loadings, Standard Errors and Percentage of Variance of the Measurement Items of All
Paradigms

Factors | Questionnaire Item | Factor Loading | Standard Error | Percentage of Variance
AISL AISL1 0.87 0.039 15.2%
AISL2 0.84 0.043
AISL3 0.79 0.048
AlSL4 0.75 0.053
AIDMP | AIDMP1 0.88 0.037 14.6%
AIDMP2 0.85 0.041
AIDMP3 0.81 0.046
AIDMP4 0.77 0.051
AIOF AIOF1 0.86 0.040 13.9%
AIOF2 0.82 0.045
AIOF3 0.78 0.050
AIOF4 0.73 0.055
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AILC AlLC1 0.89 0.036 12.4%
AILC2 0.85 0.042
AILC3 0.80 0.048
AILC4 0.76 0.053

0sO 0s01 0.90 0.035 11.8%
0s02 0.86 0.041
0s03 0.81 0.047
0S0O4 0.77 0.052

Factor loadings from 0.73 to 0.90, along with low standard errors (0.035-0.055) and explained
variance from 11.8% to 15.2% in Table 3 clearly indicate that measurement of AILC and OSO can be
performed efficiently.

Confirmatory Factor Analysis (CFA)

CFA is performed to measure the measurement model consisting of five latent variables. Model fit
was determined through different indicators such as Chi-square (x?) test of model fit, Degree of
Freedom (df) of model complexity, Goodness of Fit Index (GFl) and Adjusted GFI (AGFI) of model data
fit, Comparative Fit Index (CFl), Root Mean Square Residual (RMR) of residuals, and Root Mean Square
Error of Approximation (RMSEA) of approximation error.

Table 4. Model Fit Indices for Measurement Model

Construct | x? df | AGFl | GFI CFI RMR | RMSEA

AISL 38.24 | 16 | 0.919 | 0.951 | 0.978 | 0.022 | 0.048

AIDMP 34.67 | 14| 0.913 | 0.946 | 0.975 | 0.024 | 0.049

AIOF 36.11 | 15| 0.917 | 0.949 | 0.977 | 0.023 | 0.047
AILC 40.28 | 17 | 0.921 | 0.953 | 0.980 | 0.021 | 0.046
(ON0) 32.94 | 13 | 0.915 | 0.947 | 0.976 | 0.024 | 0.048

The CFA results are shown in Table 4 with x2 statistics that are between 32.94 and 40.28 with the
degrees of freedom between 13 and 17. Good GFI (0.946 —0.953), AGFI (0.913 - 0.921), and CFI (0.975
-0.980) and low RMR (0.021 — 0.024) and RMSEA (0.046 — 0.049) suggest that the model fit is excellent.

Structural Equation Modeling (SEM)

SEM was applied to examine the associations amongst AILC and OSO, taking into account both direct
and indirect relationships. Using SEM allowed to analyze the measurement and structural models
simultaneously and ensured.
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Table 5. Hypothesis Testing Results using SEM

Hypothesis Path SE B p- t-value Result
value

H1 AISL - 0SO 0.058 | 0.21 3.62 Supported
H2 AIDMP - 0SO 0.062 | 0.29 4.38 Supported
H3 AIOF - 0SO 0.060 | 0.24 4.01 Supported
H4 AILC = 0SO 0.071 | 0.34 <0.001 | 4.79 Supported
H5 AISL - AIDMP = | — Indirect = 95% Cl [0.11, | Supported
(Mediation) 0so 0.17 0.25]

H6 AIDMP = AIOF - | — Indirect = 95% Cl [0.09, | Supported
(Mediation) 0sO 0.14 0.22]

Table 5 and Figure 4 show SEM findings with positive significant influence of AILC on OSO (B =0.34, p
< 0.001). Mediation effect was found to be considerable, which supports the proposed research
framework. In general, the results highlight the importance of Al-enabled leadership competencies in
ensuring sustainable organizational performance.
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e

AILC 1 AlLC 2 AlLC 3 AlLC 4

Figure 4. SEM Architecture for Hypotheses Relationship
Discussion

The current study has successfully assessed the effect that AILC had on OSO in terms of strategy,
operations, and compliance in corporate settings. However, the existing literature suffers from certain
limitations. The primary limitation of the literature were its scarcity and limited diversity; as a result,
most proposed frameworks were only theoretical and never empirically verified [13-16]. Moreover,
the results were industry-and context-specific and were obtained from relatively small samples [14-
15]. The literature lacks a sufficient empirical testing; more research needs to be conducted to extend,
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verify and validate the concept of Al-assisted leadership [18]. Not only does the current study
eliminate previous limitations, but it also uses a more diverse sample, has an empirical validation and
assesses the impact of AILC on the OSO in practical conditions. Organizations can employ Al-inspired
leadership abilities for resource optimization, better predictive decisions, and compliance with
regulations, which in turn will lead to a decreased sustainability footprint and increased resilience to
strategic shifts in changing business environments.

Conclusion

The research examined the impact of AILC on OSO in corporate environments, strategic, operational,
and compliance. The research utilized regression analysis and SEM to quantify the sustainability
performance impact of AISL, AIDMP, and AIOF through the data obtained from 250 managers across
various industries. The findings provide evidence of strong and notable correlations together with
positive effects on OSO, where AILC has the largest effect (=0.34), then AIDMP (B =0.29), AIOF (B
=0.24), and AISL (B =0.21). The support for the mediators' role in the transformation of Al knowledge
into sustainable performance gains through the use of Al-based decision-making competence and Al-
enabled operational foresight was also provided by mediation analysis. The results indicate that
building Al-led leadership qualities is one of the enabling factors towards sustainable organizational
development. The research has a valid flaw that reflects weaknesses in a cross-sectional study and self-
reported information. Future research directions will utilize longitudinal design, cross-country data,
expert qualitative research, and new Al technologies to enable long-term sustainability of
organizations.
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