RESEARCH PAPER / OPUIMHAJTbHASI CTATbS! @ ®
MPHTM 06.81.23 =
JEL: M15, 033, Q55

https://doi.org/10.58732/2958-7212-2026-3-151-167

Artificial Intelligence, Green Innovation and
Organizational Learning in Pakistan

Nabia?*, Abu Hurairah Ahmed Dar?, Nosheen Pervaiz Awan?, Ayesha
Iqbal®, Maria Pervaiz Awan?

aUniversity of the Punjab, Lahore, Pakistan
bHolmes Institute, Melbourne, Australia

ABSTRACT ARTICLE HISTORY

. . . . Received:21 April 2026
The development of artificial intelligence and environmental Revised: 30 May 2026

inn(_)v_ations i_s changing the_prqcesses of _knowledge ma_naggment, Accepted: 18 August 2026
decision-making, and organizational learning in companies in the pyplished: 30 September
digital sector. The aim of the study is to assess the impact of 2026
implementing artificial intelligence and green innovations on
organizational learning, taking into account the mediating role of KEYWORDS
decision-making quality and knowledge management potential, as well Artificial Intelligence;
as the moderating role of digital infrastructure in the information and Innovation; Green
communication technology sector in Pakistan. The study uses a .nnovation; Knowledge

L. . o Management; Digital
quantitative approach and a cross-sectional survey method. The initial Infrastructure; Social
data were obtained based on a questionnaire survey of 300 employees  peyelopment; Pakistan
of companies in the information and communication sector in Lahore,
Pakistan. The results demonstrated a positive impact of artificial FINANCIAL SUPPORT
intelligence implementation on organizational learning (B=0.650; the study was not sponsored
t=5.520; p<0.001) and green innovations on organizational learning (own resources)
(B=0.400; t=3.921; p=0.002). The quality of decision-making
(B=0.504; t=4.134; p=0.008) and knowledge management
potential (8 = 0.555; t =5.428; p < 0.001) are also positively associated
with organizational learning. Digital infrastructure strengthens the link
between the implementation of artificial intelligence and organizational
learning (f=0.220; t=2.45; p=0.031), as well as between green
innovations and organizational learning ($=0.318; t=3.29; p=0.001).
The results obtained are of social significance, as the development of
artificial intelligence, green innovations, and digital infrastructure Conflict of interest:
contributes to improving knowledge exchange, collaborative learning author(s) declare that there
and the adaptability of employees in organizations. is no conflict of interest

") Check for updates

*Corresponding author: Nabia — MPhil (Commerce), University of the Punjab, Lahore, Pakistan, email:
nabiashaikhx@gmail.com

For citation: Nabia, Ahmed Dar, A. H., Awan, N. P., Igbal, A., & Awan, M. P. (2026). Artificial Intelligence,
Green Innovation and Organizational Learning in Pakistan. Qainar Journal of Social Science, 5(3), 151-167.
https://doi.org/10.58732/2958-7212-2026-3-151-167

Copyright: ©2026 by the author(s). This article is distributed under the terms of the Creative Commons Attribution
4.0 International License (CC BY 4.0).

151

Qainar Journal of Social Science,
Volume 5, Issue 3, 2026



152

MakicTaHparbl »}acaHabl
MHHOBAaLMSAJIap XoHe YUbIMAbIK OKbITY

MHTEJJIEKT,

MXacCbiJi

Ha6us?*, A6y Xypaiipa Axmen Aap®, HowwuH NepBus ABaH® Auwa Uk6ans,
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TYUIH

XacaHabl WHTeNNeKT neH 3KOJOrusIblK MHHOBAuManapabiH AaMybl
undpnblk CEKTOop KoMmaHusnapbiHaarel 6inimai 6ackapy, wewim
Kabblnaay >aHe YMbIMAbIK OKbITY YAepicTepiH e3repTedi. 3epTTeyaiH
MaKkcaThbl = lMaKicTaHHbIH aKnapaTTblK-KOMMYHUKALMANbIK
TEXHOSIOTMAMAP CEKTOpblHAA LWewiM Kabbingay canacel MeH 6iniMai
backapy oneyeTiHiH Aenganablk  peniH, CoHaan-ak  undpIbiK
NH(PaKYpPbINbIMHbIH, MOAEPATOPSIbIK PesiH eckepe OTbIPbIM, XXacaHabl
WHTENNEKTTI eHri3y MEH >acbl/l IHHOBaUMsSNapAblH YMbIMAbIK OKbITYFa
blknanbiH 6aranay. 3epTreyae CaHAblK TOCIN XKOHE KenaeHeH KuMasbl
cayanHama afici KongaHbingbl. bactankbl aepektep [MoKiCTaHHbIH,
Jlaxop  KanacblHAaFbl  AKNapaTTblK-KOMMYHUKaUMANBIK — CEKTOp
KoMnaHuanapbiHelH, 300 KbI3METKepiHe >KyprisinreH cayanHama
HeridiHae anbiHAbl. HaTMXKenep >acaHAbl MHTENNEKTTi eHrisyaid
yMbIMAbIK OKbITYFa OH acepiH (B=0.650; t=5.520; p<0.001) >aHe
)Kacbl/l MHHOBaUMANApAbIH YMbIMABIK OKbITyFa OH acepiH (B=0.400;
t=3.921; p=0.002) kepcertTi. Lewim kabbingay canacbl (f=0.504;
t=4.134; p=0.008) xoHe 6inimai 6ackapy aneyeti (B=0.555; t=5.428;
p<0.001) ge yWbIMAbIK OKbITyMEH OH 6ainaHbicThl. Lindpnbik
MHPaKypbIbIM XKacaHabl UHTENNEKTTi eHri3y MeH YMbIMAbIK OKbITY
apacblHgarbl 6aiinaHbicTbl (B=0.220; t=2.45; p=0.031), coHpaii-aK
)acbl1 IHHOBaUMsINAp MEH YMbIMAbIK OKbITY apacbliHAarbl 6ainaHbICThI
(B=0.318; t=3.29; p=0.001) kyweiTeai. ASbIHFAH HITUXeNep
2/IEYMETTIK MaHbI3Fa We, eUTKEHi >XacaHdbl WHTENNEKTTIH, >Kacbln
MHHOBaUMsANapablH XaHe LUMdpIblK MHPPAKYPbIIbIMHbIH, AaMybl 6iniM
anMacyzpl, 6ipneckeH oKbITyAbl XXoHe yibiMaapAarbl Kbi3MeTKepnepain
6eniMaenriluTiriH >xakcapTyFa biknasn eTeai.
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MCKYCCTBEHHbI UHTEJJIEKT, 3eJieHble

opraHu3auuoHHoe obyueHue B MakucraHe

MHHOBALUMMMN M

Habusa?*, A6y Xypaipa Axmen Aap®, HowwuH NepBu3 ABaH% Aunwa Nk6ans,

Mapwms MNepBu3 ABaH®

aYHusepcuTeT lMNenaxaba, Jlaxop, MakncraH
SWHCcTMTYT XonMca, MenbbypH, ABCTpanus

AHHOTALUMA

PasBUTME WCKYCCTBEHHOrO WHTENNIEKTA M 3KOMOMMYECKUX WMHHOBALWM
MEHSIET MPOLIECCHI YMPABMEHUS 3HAHUSAIMM, NPUHATUS  pELLEHUA U
OpraHM3aLMoHHOro obydeHns B KOMMNaHusx uncdpoBoro cektopa. Llenb
nccnefoBaHMsl NMPOBECTU OLIEHKY B/IMSIHMSI BHEAPEHWS MCKYCCTBEHHOIO
WHTENNeKTa U 3eMeHblX MHHOBAUWA Ha OpraHusauuoHHoe o06yuyeHue C
YYETOM TMOCPEAHUYECKOW POSIM  KAYeCTBa MPUHSATUA  PELUEHVA U
MoTeHUMANa YNpaB/ieHUs 3HAHUAMM, @ TaKXKE MOAEPUPYIOLLEN poNu
undpoBoit NMHMPACTPYKTYPbl B cekTope MHMOPMaLMOHHO-
KOMMYHMKaUMOHHbIX ~ TexHonoruin  [akuctaHa. B uccnepoBaHum
MCMOb30BaH KOJIMYECTBEHHLIN MOAXOA M METOJ MOMePEeYHOro onpoca.
McxoaHble  fdaHHble MOJlydeHbl Ha OCHOBE aHkeTupoBaHusi 300
COTPYAHMKOB KOMMaHWU MHOPMALIMOHHO-KOMMYHWUKALMOHHOMO CeKTopa
r. Jlaxop, lNMakuctaH. Pe3ynbTaTbl nokas3anu MoSIOXUTENbHOE BINSHUE
BHEAPEHWS CKYCCTBEHHOIO MHTEJINIEKTA Ha OpraHu3auMoHHoe obyyeHue
(B=0.650; t=5.520; p<0.001) w 3eneHbiXx WHHOBAUWMA  Ha
opraHu3aumoHHoe obydeHune (B=0.400; t=3.921; p=0.002). KadectBo
npuHaTua pewennii  (B=0.504; t=4.134; p=0.008) un noTeHuman
ynpaBneHuss  3Hanuamu  (B=0.555; t=5.428; p<0.001) Takxke
MOMOXWUTENbHO CBSI3aHbl C OpraHM3auMOHHbIM 0b6ydyeHueM. LlndpoBas
NH(PACTPyKTypa YCUIMBAET CBSI3b MEXAY BHEAPEHMEM WCKYCCTBEHHOIO
WHTENNEKTAa W OpraHuM3aumMoHHbIM 06yyeHnem (B=0.220; t=2.45;
p=0.031), a Takke MeXAY 3eEHbIMU MHHOBALUMSMN U OpPraHM3aLWOHHbIM
obyueHnem (B=0.318; t=3.29; p=0.001). llonyyeHHble pe3ynbTaThl
UMEIOT COLMASIbHYIO 3HAYMMOCTb, MOCKO/bKY Pa3BUTME MCKYCCTBEHHOIO
WHTENNEKTa, 3€fIeHblX WHHOBaLMU U LUUdpoBON  MHGPACTPYKTYpbI
CnocobCTBYET y/yylleHMI0 0ObMeHa 3HaHWSIMW, COBMECTHOMO 00yYeHust n
aanTUBHOCTM PabOTHUKOB B OpraHM3aumsXx.
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1. Introduction

Digital technologies have substantially reshaped the way businesses operate, innovate, and
develop new organizational capabilities (Ye et al., 2023). Artificial Intelligence (Al) technologies
and Green Innovation (GI) practices are becoming more common in today’s business landscape and
are increasingly being used to enhance organizational efficiency, sustainability, and long-term
competitiveness. At the same time, sustainability has become increasingly important for business
development, particularly in emerging economies (Akande etal., 2026). These transformations also
have a social dimension, as they influence employee engagement, knowledge sharing, learning, and
adaptability within organizations (Agarwal et al., 2022; Argote & Fahrenkopf, 2016; Salisu & Abu
Bakar, 2020).

Al technologies are increasingly incorporated into organizational processes and can influence
productivity, employee engagement, and workplace behavior (Agarwal et al, 2022). Their
application can support information processing, automation, and organizational decision-making.
From a social perspective, the adoption of Al can also affect how employees interact with
technology, participate in organizational processes, acquire knowledge, and adapt to changes in the
workplace.

Organizations are also facing new regulatory requirements, climate change risks, and growing
stakeholder expectations regarding environmentally responsible business practices. GI involves
the development and application of environmentally oriented products, processes, and
technologies aimed at improving sustainability and environmental performance (Akhtar et al.,
2024). Green innovation can also contribute to the creation and use of organizational knowledge
and support continuous improvement. Organizational learning (OL) is therefore an important
capability in contemporary organizations, enabling firms to acquire, disseminate, and apply
knowledge and adapt to changing environments. Firms with stronger learning capabilities are
generally better positioned to develop new competencies and respond to technological and market
changes (Salisu & Abu Bakar, 2020).

The use of Al and green technologies offers organizations opportunities to improve learning
processes, information exchange, experimentation, and knowledge development. In the digital
business environment, decision-making quality (DMQ) has become an important organizational
capability. Al can support information processing and data-informed decision-making, while GI
introduces environmental and sustainability considerations into organizational decisions. Effective
decision-making can, in turn, support knowledge sharing, problem-solving, and adaptive learning.
Thus, decision-making quality may represent an important mechanism connecting Al adoption and
GI with OL.

Although Al], sustainable innovation, and organizational learning have been widely examined
as separate research areas, their combined relationships remain insufficiently explored,
particularly in the information and communication technology sector of Pakistan. Existing research
on learning organizations in emerging economies demonstrates the importance of knowledge
management for learning and innovative organizational culture (Acevedo & Diaz-Molina, 2023).
However, less attention has been given to how Al adoption and GI jointly contribute to OL through
Knowledge Management Capability (KMC) and Decision-Making Quality (DMQ), and how these
relationships depend on Digital Infrastructure (DI). Knowledge management is important for
acquiring, transferring, sharing, and applying organizational knowledge (Argote & Fahrenkopf,
2016), while effective knowledge management practices can contribute to firms’ innovation
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performance (Bawa et al., 2023). Digital infrastructure also represents an important organizational
resource supporting digital operations and the integration of technological capabilities (Mironova
& Rubtsov, 2025).

Hence, the aim of the study is to assess the impact of implementing artificial intelligence and
green innovations on organizational learning, taking into account the mediating role of decision-
making quality and knowledge management capability, as well as the moderating role of digital
infrastructure in the information and communication technology sector in Pakistan. This study
brings together technological innovation, sustainability practices, and organizational learning
within a conceptual framework based on the Knowledge-Based View and Organizational Learning
Theory. The study also highlights the social relevance of digital and green transformation through
their potential contribution to employee learning, knowledge exchange, workplace interaction, and
organizational adaptability. The findings may therefore provide useful implications for managers,
policymakers, and researchers interested in the strategic and social dimensions of Al adoption,
green innovation, and organizational learning.

2. Literature review

The adoption of Artificial Intelligence has emerged as an important strategy for organizations
seeking to enhance efficiency, innovation, and competitiveness. Al technologies can support
information processing, knowledge creation, and organizational learning by enabling organizations
to analyze large volumes of data and generate insights for organizational decision-making
(Olusegun et al., 2025; Sposato, 2025). Organizational learning refers to the processes through
which organizations acquire, share, interpret, and apply knowledge to improve their capabilities
and adapt to changing environments (Alhusban et al., 2025).

Previous research suggests that Al can support organizational learning by facilitating access
to information, knowledge exchange, and data-driven learning processes. Sposato (2025)
emphasizes the role of Al and data analytics in organizational learning and development, while Han
et al. (2025) demonstrated that Al technology is closely connected with organizational learning
capability and innovation performance. Al can therefore contribute to continuous learning and
improve organizations’ ability to respond to technological and market changes. At the
organizational level, these processes also have a social dimension because they influence employee
learning, knowledge exchange, collaboration, and adaptation to technological change.

Green Innovation refers to the development and implementation of environmentally oriented
products, processes, and technologies aimed at reducing environmental impacts while improving
organizational outcomes (Chen et al, 2006; Akhtar et al, 2024). Green innovation requires
organizations to acquire new environmental knowledge, experiment with alternative technologies,
and integrate sustainability principles into organizational processes. These activities can stimulate
knowledge creation, knowledge sharing, and continuous learning.

Research has also demonstrated a close relationship between green innovation and
organizational learning. Tu and Wu (2021) show that organizational learning plays an important
role in translating green innovation into competitive advantage, indicating that green innovation
and learning processes are closely interconnected. Green innovation therefore creates learning
opportunities by requiring organizations to acquire, integrate, and apply new environmental and
technological knowledge. Such learning can also improve organizational adaptability and support
long-term sustainability.
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Decision-Making Quality refers to the extent to which decisions are based on relevant
information, systematic analysis, and appropriate evaluation of available alternatives (Donelan et
al,, 2016). High-quality decision-making enables organizations to use available knowledge more
effectively and respond to changing organizational conditions. Effective decisions can also facilitate
problem-solving, knowledge exchange, and organizational learning.

Al can improve the information available for managerial decision-making by supporting data
processing, analytics, and knowledge generation (Sposato, 2025). Organizations that effectively
transform Al-generated information into managerial actions may be better able to learn from
experience and adapt their practices. Therefore, decision-making quality may represent an
important mechanism through which Al adoption contributes to organizational learning.

Green Innovation also requires organizations to consider environmental risks, resource
efficiency, sustainability objectives, and alternative technological solutions in their strategic
decisions. Research on green innovation demonstrates that environmental knowledge and
sustainability practices are increasingly integrated into organizational strategies and performance
processes (Akhtar et al., 2024; Tripopsakul, 2025). Consequently, organizations capable of making
well-informed sustainability-related decisions may be better positioned to translate green
innovation activities into organizational learning.

Knowledge Management Capability refers to an organization's ability to acquire, organize,
share, and apply knowledge effectively. Knowledge management is closely related to organizational
learning because knowledge acquisition, dissemination, and utilization enable organizations to
transform individual knowledge into organizational capabilities (Acevedo & Diaz-Molina, 2023).
Empirical research also shows that knowledge management capability contributes to
organizational innovation and helps organizations respond to technological change (Riaz et al,,
2023).

Effective knowledge management facilitates communication, collaboration, knowledge
sharing, and organizational adaptation. In learning organizations, systematic knowledge
acquisition and dissemination can strengthen innovative culture and support continuous
organizational learning (Acevedo & Diaz-Molina, 2023). Therefore, organizations with stronger
knowledge management capabilities are expected to demonstrate higher levels of organizational
learning.

Al technologies can support knowledge management by improving information processing,
access to organizational data, and knowledge-sharing mechanisms. Research indicates that
information technology competency contributes to knowledge management processes, while Al
and data analytics can extend the capacity of organizations to generate and use knowledge (Pérez-
Léopez & Alegre, 2012; Sposato, 2025). When organizations possess effective knowledge
management capabilities, technological information generated through Al can be more effectively
transformed into shared knowledge and organizational learning (Acevedo & Diaz-Molina, 2023).

Green Innovation also involves the acquisition, integration, and application of environmental
and technological knowledge. Research on green innovation highlights the importance of
absorptive and knowledge-related capabilities for converting environmental knowledge into
innovation outcomes (Akhtar et al., 2024). At the same time, effective knowledge management
enables organizations to acquire, disseminate, and respond to new knowledge, thereby
strengthening organizational learning (Acevedo & Diaz-Molina, 2023). Based on this reasoning,
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Knowledge Management Capability may serve as a mechanism through which Green Innovation
contributes to organizational learning.

Digital Infrastructure includes technological resources such as information systems, software,
hardware, communication networks, databases, cloud technologies, and digital platforms that
support organizational activities and information exchange (Gavrilova et al., 2026; Mironova &
Rubtsov, 2025). Digital infrastructure has increasingly become an important organizational
resource because it facilitates access to data, technological integration, communication, and digital
transformation.

Research also indicates that information technology capabilities can strengthen knowledge
management processes and organizational performance (Pérez-Lopez & Alegre, 2012).
Consequently, organizations with stronger digital infrastructure may be better able to obtain value
from Al technologies and Green Innovation because the necessary technological resources allow
information, knowledge, and digital applications to be integrated more effectively into
organizational learning processes. Digital Infrastructure may therefore strengthen the effects of
technological and green innovation on organizational learning.

Based on the reviewed literature, this study proposes a conceptual framework linking
Artificial Intelligence adoption and Green Innovation with Organizational Learning through the
mediating roles of Decision-Making Quality and Knowledge Management Capability, while Digital
Infrastructure is considered as a moderating factor. The proposed conceptual framework and the
relationships among the study constructs are presented in Figure 1.

Digital Infrastructure

AT Adoption

Decision Making Quality

Knowledge Management /1

Capability

7

Organizational Learning

\ N/

Green Innovation

Figure 1. Conceptual model.
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Accordingly, the following hypotheses are proposed:

H1: Artificial Intelligence adoption has a positive effect on organizational learning.

H2: Green Innovation has a positive effect on organizational learning.

H3: Decision-Making Quality has a positive effect on organizational learning.

H4: Decision-Making Quality mediates the relationship between Artificial Intelligence
adoption and organizational learning.

H5: Decision-Making Quality mediates the relationship between Green Innovation and
organizational learning.

H6: Knowledge Management Capability has a positive effect on organizational learning.

H7: Knowledge Management Capability mediates the relationship between Artificial
Intelligence adoption and organizational learning.

H8: Knowledge Management Capability mediates the relationship between Green Innovation
and organizational learning.

HO9: Digital Infrastructure positively moderates the relationship between Artificial Intelligence
adoption and organizational learning.

H10: Digital Infrastructure positively moderates the relationship between Green Innovation
and organizational learning.

3. Research methods

The study employed a quantitative, cross-sectional survey design to examine the effects of
Artificial Intelligence adoption and Green Innovation on Organizational Learning. The study also
examined the mediating roles of Knowledge Management Capability and Decision-Making Quality
and the moderating role of Digital Infrastructure in the information and communication technology
sector of Pakistan. A deductive approach was used to test the proposed hypotheses.

The target population consisted of employees of information and communication technology
companies located in Lahore, Pakistan. Lahore was selected because it is one of the country’s major
business and technology centers and hosts a considerable number of software houses and
information technology firms. The sampling frame was developed using registered information and
communication technology organizations identified through relevant industry directories and
official databases, including the Pakistan Software Export Board and the Punjab Information
Technology Board.

A total of 300 employees working in managerial, technical, and administrative positions
participated in the survey. The measurement model contained 57 items. Based on the minimum
sample-size criterion of five respondents per measurement item, at least 285 respondents were
required (57 x 5 = 285); therefore, the final sample of 300 respondents exceeded this minimum
threshold.

Primary data were collected using a structured questionnaire consisting of closed-ended items
measured on a five-point Likert scale. The measurement items were adapted from previously
published studies. Organizational Learning was measured using items adapted from Sinkula et al.
(1997), Artificial Intelligence adoption from Jamil et al. (2025), Green Innovation from Chen et al.
(2006), Knowledge Management Capability from Pérez-Lopez and Alegre (2012), Decision-Making
Quality from Donelan et al. (2016), and Digital Infrastructure from Ghosh (2009).
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Before the main survey, a pilot study involving 30 respondents was conducted to assess the
clarity and reliability of the questionnaire. Based on respondents’ feedback, minor revisions were
made to improve the wording and clarity of selected items.

The demographic analysis showed that most of the respondents were male (68.3%) while the
female respondents made up 31.7% of the sample. As far as work experience is concerned, most of
the respondents had 5-10 years of professional experience within the ICT sector (see Table 1).

Table 1. Demographic profile of respondents.

Variable Category Frequency Percent (%)

Gender Female 95 31.7
Male 205 68.3

Age 20 to 25 years 48 16.0
26 to 35 years 140 46.7

36 to 45 years 94 313

Above 45 years 18 6.0

Qualification Bachelor 116 38.7
Masters 156 52.0

MS/M.Phil./PhD 28 9.3

Tenure Less than 5 years 84 28
5-10 years 146 48.7

11-15 years 48 16

More than 15 years 22 7.3
Total 300 100.0

Note: compiled by the authors.

4. Results

Discriminant validity was confirmed using the HTMT ratio and the Fornell-Larcker criterion,
while the structural model was evaluated based on R?, Q?, and f* values. Hypotheses were tested
using bootstrapping with 5,000 resamples, reporting standardized path coefficients (), t-values,
p-values, and confidence intervals for all relationships. Given that the study relies entirely on self-
reported cross-sectional survey data, common method bias should also be assessed (e.g., using
Harman'’s single-factor test). In addition, the SmartPLS version and bootstrapping procedure (e.g.,
5,000 resamples with bias-corrected confidence intervals) should be specified.

To assess the quality of the measurement and structural models, reliability, convergent
validity, discriminant validity, model fit, explanatory power, effect sizes, and predictive relevance
were examined. As shown in Table 2, the model demonstrated an SRMR value of 0.080 and an NFI
value of 0.818. These indicators provide information on the overall fit of the estimated model.

Table 2. Model fit summary.

No. Indicator Value
1 SRMR 0.080
2 NFI 0.818

Note: compiled by the authors.

The SRMR value was 0.080, which corresponds to the commonly used threshold level and
indicates an acceptable fit of the model to the empirical data. The NFI value was 0.818, which
indicates a moderate level of model fit. Since this indicator is below the commonly used benchmark
value of 0.90, the results of the model fit assessment should be interpreted with some caution.
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The explanatory power of the structural model was evaluated using the coefficient of
determination (R?). As presented in Table 3, the model explained 40.8% of the variance in Decision-
Making Quality (R*=0.408), 41.6% of the variance in Knowledge Management Capability
(R?=0.416), and 61.9% of the variance in Organizational Learning (R?=0.619).

Table 3. Coefficient of determination (R?) and adjusted R? values.

Variable R? R? adjusted
DMQ 0.408 0.404
KMC 0.416 0.412
OL 0.619 0.609

Note: compiled by the authors.

The R? value for decision-making quality was 0.408, which means that the factors included in
the model explain 40.8% of the variation in this indicator. For knowledge management capacity,
the R? value was 0.416, meaning the model explains 41.6% of its variation. The highest coefficient
of determination was obtained for organizational learning — R?=0.619, indicating that 61.9% of
the variation in this indicator is explained. The adjusted R? values were 0.404, 0.412, and 0.609,
respectively, which indicates the stability of the model’s explanatory power after accounting for the
number of predictors.

Effect sizes were examined using the f2 statistic. As shown in Table 4, the effects varied across
the structural relationships.

Table 4. Effect size (2).

Variable f2

Ai Adoption -> DMQ 0.184
Ai Adoption -> KMC 0.119
Ai Adoption -> OL 0.693
DMQ -> OL 0.214
DI->OL 0.065
DI x Ai Adoption -> OL 0.201
DIx GI->OL 0.236
GI->DMQ 0.192
GI-> KMC 0.261
GI->OL 0.312
KMC -> OL 0.304

Note: compiled by the authors.

Predictive relevance was assessed using Q®predict. As reported in Table 5, the Q*predict
values were positive for Decision-Making Quality (0.392), Knowledge Management Capability
(0.453), and Organizational Learning (0.578), indicating predictive relevance for all endogenous
constructs.

Table 5. Predictive performance.

Q?Value Q?predict RMSE MAE
Decision Making Quality 0.392 0.794 0.533
Knowledge Management Capability 0.453 0.753 0.508
Organizational Learning 0.578 0.658 0.465

Note: compiled by the authors.
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The Q?*predict values for decision-making quality, knowledge management potential, and

organizational learning were 0.392, 0.453, and 0.578, respectively. Positive Q?*predict values

indicate the presence of predictive relevance of the model for all endogenous variables. The highest

value was obtained for organizational learning (Q*predict = 0.578), which indicates a higher
predictive ability of the model for this indicator. The RMSE values were 0.794, 0.753 and 0.658, and
the MAE values were 0.533, 0.508 and 0.465, respectively. The lower prediction error values for

organizational learning further indicate a relatively higher forecasting accuracy for this variable.

As presented in Table 6, all Cronbach’s alpha and Composite Reliability values exceeded 0.70,
while all AVE values exceeded 0.50.

Table 6. Reliability, validity and discriminant validity (Fornell-Larcker Criterion).

Construct CR o AVE Al DMQ DI GI KMC OL
Al Adoption 0.952 0951  0.694 0833

Decision Making 0.919 0916 0598 0543  0.774

Quality

Digital 0.859 0857  0.638 0349 0539  0.798

Infrastructure

Green innovation 0.861 0.858 0586 0455 0547  0.592 0.765

Knowledge

Management 0.858 0853  0.632 0383 0491  0.639 0.636  0.795
Capability

Organizational 0.934 0931 0593 0739 0447 0488 0502 0456 0.770
Learning

Note: compiled by the authors.

Results indicate satisfactory internal consistency and convergent validity. The diagonal values

in the Fornell-Larcker matrix represent the square roots of AVE and are higher than the

corresponding inter-construct correlations, supporting discriminant validity.

Discriminant validity was further examined using the Heterotrait-Monotrait ratio (HTMT). As

shown in Table 7, all reported HTMT values were below 0.85, with the highest value being 0.775
for the relationship between the two interaction constructs.

Table 7. Discriminant validity (Heterotrait- Monotrait Ratio).

Construct Al DMQ DI GI KMC OL DIxAI DIxGI
Ai Adoption

Decision Making

Quality 0.579

Digital Infrastructure 0.377 0.592

Green innovation 0.500 0.607 0.678

Knowledge

Management 0.422 0.547 0.744 0.737

Capability

Organizational 0.774 0.464 0540 0557  0.503

Learning

Digital Infrastructure x 0.320 0291 0414 0395 0341 0330

Ai Adoption

Digital Infrastructurex ;g 0447 0578 0545 0495 0334 0775

Green Innovation

Note: compiled by the authors.
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All HTMT values are below the recommended threshold level of 0.85, which indicates
sufficient discriminability of the constructs under study. The highest HTMT value was 0.775 for the
interacting variables Digital Infrastructure x Artificial Intelligence Adoption and Digital
Infrastructure x Green Innovation, and it also does not exceed the established threshold. The
obtained results confirm the presence of discriminant validity of the measurement model.

The study aimed to examine the proposed direct, mediating, and moderating relationships
between variables was conducted by utilizing the PLS-SEM method which was tested using the
SmartPLS software. The results showed that the use of Al and green innovations had a significant
and positive impact on organizational learning (Table 8).

Table 8. PLS-SEM result.

Hypothesis Direct Relationship B T- P- Result
values  values
Hla Ai Adoption -> OL 0.650 5.520 0.001 Supported
H1b Ai Adoption -> DMQ 0.375 3.700 0.001 Supported
Hilc Ai Adoption -> Knowledge Management 0.225 2.014 0.033 Supported
Capability

H2a GI-> OL 0.400 3.921 0.002 Supported
H2b GI-> DMQ 0.379 3.784 0.000 Supported
H2c GI-> Knowledge Management Capability 0.583 5.802 0.000 Supported
H3 DMQ -> Organizational Learning 0.504 4.134 0.008 Supported
H6 Knowledge Management Capability -> 0.555 5.428 0.001 Supported

Organizational learning

Note: compiled by the authors.

The direct effects presented in Table 8 confirmed the significant relationships among the main
constructs. To further examine the mechanisms underlying these relationships, the mediating
effects of Decision-Making Quality and Knowledge Management Capability were assessed. The
results of the mediation analysis are presented in Table 9.

Table 9. PLS-SEM result.

Hypothesis Direct Relationship B T- P- Result
values  values
H4 Ai Adoption -> DMQ -> OL 0.189 3.19 0.002 Partial
H7 Ai Adoption -> Knowledge Management 0.124 2.65 0.008 Partial
Capability ->OL
H5 GI->DMQ -> OL 0.191 3.52 0.001 Partial
H8 GI-> Knowledge Management Capability -> OL 0.323 4.51 0.001 Partial

Note: compiled by the authors.

As shown in Table 9, Decision-Making Quality significantly mediated the relationship between
Artificial Intelligence Adoption and Organizational Learning ($=0.189; t=3.19; p=0.002), as well as
the relationship between Green Innovation and Organizational Learning ($=0.191; t=3.52;
p=0.001). Knowledge Management Capability also significantly mediated the effect of Artificial
Intelligence Adoption on Organizational Learning ($=0.124; t=2.65; p=0.008) and the effect of
Green Innovation on Organizational Learning ($=0.323; t=4.51; p<0.001). Since the corresponding
direct effects remained statistically significant, the results indicate partial mediation. Thus, H4, H5,
H7, and H8 were supported.
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Moderating effects of digital infrastructure are presented in Table 10.

Table 10. PLS-SEM result.

Hypothesis Direct Relationship B T- P- Result
values  values
H9 Moderating role of DI between Ai Adoptionand  0.220 2.45 0.031 Supported
OL
Interaction term DI x Al
H10 Moderating role of DI between GI and OL 0.318 3.29 0.001 Supported

Interaction term DI x GI
Note: compiled by the authors.

As presented in Table 10, Digital Infrastructure significantly moderated the relationship
between Artificial Intelligence Adoption and Organizational Learning ($=0.220; t=2.45; p=0.031).
Digital Infrastructure also significantly moderated the relationship between Green Innovation and
Organizational Learning ($=0.318; t=3.29; p=0.001). Both interaction effects were positive,
indicating that stronger Digital Infrastructure is associated with stronger relationships between
Artificial Intelligence Adoption, Green Innovation, and Organizational Learning. Therefore, H9 and
H10 were supported.

Figure 2 presents the final structural model, including the estimated path coefficients, direct
effects, and interaction effects.

-

....... - .g/utal Infrastructure

0.220 (0.031) /

o

Al Adoption

0.375 (0.000)

0.225 (0.033)

0.504 (0.008)

0.555 (0.000)

Organizational Learning
0.379 (0.000) edge Management Capabili;y"'
0.400 (0.002)
0.583 (0.000)
Green Innovation
Figure 2. PLS-SEM Structural model.
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5. Conclusions

This study examined the effects of Artificial Intelligence adoption and Green Innovation on
Organizational Learning in the information and communication technology sector of Pakistan,
while considering Decision-Making Quality and Knowledge Management Capability as mediating
mechanisms and Digital Infrastructure as a moderating factor. The findings indicate that Artificial
Intelligence adoption and Green Innovation are positively associated with Organizational Learning.
Decision-Making Quality and Knowledge Management Capability also play important roles in
explaining how technological and green innovations are translated into organizational learning,
while Digital Infrastructure strengthens these relationships.

The results demonstrate that technological and environmental innovation alone may not be
sufficient to improve organizational learning. Their effectiveness depends on organizations’ ability
to manage knowledge, make informed decisions, and provide an appropriate digital environment.
Organizations with stronger knowledge management practices and digital capabilities are
therefore better positioned to transform technological and environmental innovations into
continuous learning and organizational adaptability.

From a social perspective, the study highlights the potential importance of Artificial
Intelligence and Green Innovation for employee learning, knowledge exchange, collaboration, and
adaptation to technological change. Digital transformation can reshape employees’ roles,
communication practices, and knowledge requirements. Therefore, organizations should
complement technological investment with continuous learning opportunities, knowledge-sharing
mechanisms, and support for employees adapting to new digital and sustainability-related work
practices. This may help ensure that digital and green transformation contributes not only to
organizational performance but also to more adaptive and learning-oriented workplaces.

Several limitations should be considered when interpreting the findings. First, the study was
limited to employees of information and communication technology firms in Lahore, Pakistan;
therefore, the findings should not be generalized to other industries, regions, or countries without
further empirical examination. Second, the cross-sectional research design identifies statistical
relationships but does not establish causality or capture changes over time. Future research could
employ longitudinal designs to examine how Organizational Learning evolves during Artificial
Intelligence adoption and green transformation. Third, the study focused mainly on Decision-
Making Quality, Knowledge Management Capability, and Digital Infrastructure. Future studies
could extend the model by examining organizational culture, leadership, technological readiness,
employee engagement, digital skills, and other social and organizational factors.

Finally, future research could examine the social consequences of Artificial Intelligence and
Green Innovation more directly by including employee-level indicators such as learning
opportunities, digital skills, participation in decision-making, workplace collaboration, job
adaptation, and employee well-being.
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