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Abstract

This study explores a conceptual framework for integrating Artificial Intelligence (AI)
into Enterprise Resource Planning (ERP) systems, emphasising its transformative poten-
tial in highly automated industrial environments, often referred to as ‘dark factories’,
where operations are carried out with minimal human intervention using robotics, Al
and IoT. These lights-out manufacturing environments demand intelligent, autonomous
systems that go beyond traditional ERP functionalities to deliver sustainable enterprise
operations and supply chain management. Drawing from secondary data and a com-
prehensive review of existing literature, the study identifies significant gaps in current
AI-ERP research and practice, namely, the absence of a unified adoption framework,
limited focus on Al-specific implementation challenges, and a lack of structured
post-adoption evaluation metrics. In response, this paper proposes a novel integrated
conceptual framework that combines the Technology-Organisation-Environment (TOE)
framework, the Technology Acceptance Model (TAM), and the Information Systems (IS)
Success Model. The model incorporates industry-specific dark factors, such as Al au-
tonomy, human-machine collaboration, operational agility, and sustainability, by opti-
mising resource efficiency, enabling predictive maintenance, enhancing supply chain
resilience, and supporting circular economy practices. The primary research aim of the
current study is to provide a theoretical foundation for further empirical research on the
input of AI-ERP systems into autonomous industry settings. The framework provides a
robust theoretical foundation and actionable guidance for researchers, technology lead-
ers, and policy-makers navigating the integration of Al and ERP in sustainable enterprise
operations and supply chain management.

Keywords: artificial intelligence (Al); enterprise resource planning (ERP); TOE; TAM;
IS success model; dark industry; sustainability; circular economy; supply chain
management
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1. Introduction

The rapid growth of the digital economy has heightened the need for intelligent
business systems that can effectively address the increasing complexity of business pro-
cesses [1]. Al has come a long way since it was a novelty, a futuristic idea rather than a
revolution that transforms the way companies work within the framework of financial,
manufacturing, logistics, and healthcare industries [2]. The same can be said about ERP
systems, which were initially designed to centralise and streamline data transfer, are now
being modified to become independent, Al-assisted platforms that provide increased
efficiency, decision-making capabilities, and operational flexibility [3]. ERP systems are
end-to-end software designed to integrate all business functions on a single platform,
encompassing finance, human resources, supply chain management, and customer rela-
tionships [4]. They offer a comprehensive platform to store and manage information and
processes, thereby assisting organisations in enhancing productivity, ensuring data con-
sistency, reducing operational costs, and facilitating collaboration among departments
[5].

Sustainability has now entered the system-level design constraint of the operation of
enterprises, as opposed to being a target to meet [6]. The supply chain bottlenecks asso-
ciated with this approach include energy intensity, material loss, variability-related
waste, and transportation-generated carbon waste [7]. Researchers point out that
Al-enabled ERP is the most appropriate backing to coordinate sustainability at scale to
cover procurement, production planning, quality, distribution and returns in
dark-factory environments where sensing, robotics and advanced analytics are in con-
tinuous operation [8]. AI-ERP can optimise recipes and schedules to lower energy and
scrap, introduce predictive maintenance to extend the life of assets, reduce transport
miles through dynamic network construction and load pooling, and enable circular flows
where materials are tracked to repair, remanufacture and recycle [9]. Presenting AI-ERP
in such a way automatically applies the problem of the research to the sphere of sus-
tainable enterprise operations and supply chain management [10,11].

ERP systems leveraging Al can also enhance production management, strengthen
supply chain resilience, and monitor material cycling to support recycling and reuse,
aligning closely with circular economy principles [12,13]. Figure 1 shows that the latest
investigations indicate that the adoption of AI-ERP can lead to a 30% reduction in oper-
ating costs for small and medium-sized enterprises (SMEs) or enhance demand forecasts
by 15-35%, among other significant benefits [14]. Companies such as Unilever have al-
ready demonstrated concrete benefits, including a 10% improvement in the timely de-
livery of orders and a 15% reduction in inventory expenses, by utilising Al-powered ERP
technologies [12]. In addition, real-time AI insights have improved financial deci-
sion-making, with companies noting a 27% increase in pricing effectiveness and a 33%
increase in data accuracy [15]. Moreover, 62.5% of users of a Korean company reported
an increase in the efficiency of their work process due to the integration of Alin ERP [16].



Sustainability 2025, 17, 9234

3 of 24

Impact of AI-ERP Integration on Business Metrics

36%
30 4

27%

25%
254

~
=}
\

15%

Improvement (%)
-
o
L

10%

=
o
L

S &
‘}Q(\ (_’b" ) ‘\‘,‘(‘\ R)o(\ &
5 & oF S &
& < ) & &
o
¥ Y A & «&
& & <& & <
& Oe'@ AN & &

Figure 1. Business Benefits from AI-ERP Integration. Percentage improvements in key operational
metrics due to AI-ERP integration across global SMEs. Data derived from secondary literature and

case reports [12,14,15].

Nevertheless, customary ERP has its drawbacks, including the complexity of its
features and modules, hardware and software compatibility issues, and the inability to
integrate and synchronise data [17,18] smoothly. The common adoption of infrastructure
was missing, and there was a lack of attention to the implementation peculiarities of the
Al space [19]. Moreover, there is a lack of comprehensive frameworks that focus on the
AI-ERP adoption within the frame of sustainability. Since previous studies tend to over-
look the interaction among technological preparedness, organisational adaptation, ex-
ternal pressure, and the consequences of post-adoption, the specificities of Al such as
algorithmic transparency, human—-machine collaboration, or even the shortage of skills,
are poorly explored in the existing literature on ERPs [17].

In order to address these gaps, this work will provide a proposed integrated con-
ceptual framework, a synthesis of the TOE, the TAM and the IS Success Models with
sustainability as a fundamental dimension. The structure was based on the autonomy of
Al, interdisciplinary collaboration between humans and robots, and flexibility of opera-
tion in order to keep the most crucial environmental, economic, and social sustainability
goals in sight. In order to direct this study, the following research questions are posed:

e  What are the critical factors influencing the adoption of AI-ERP systems in dark
factory settings?

e  How can existing theoretical frameworks, such as TOE, TAM, and IS Success Mod-
els, be integrated to create a unified framework for AI-ERP adoption?

e  What strategies can organisations implement to mitigate risks and enhance the sta-
bility and effectiveness of AI-ERP systems post-adoption?

By addressing these questions, the study’s primary goal is to provide a theoretical
premise upon further empirical research related to the input of AI-ERP systems into an
autonomous industry setting.

e To analyse the impact of Al on ERP functionalities in dark industry settings

e  To synthesise TOE, TAM, and IS Success Models into an integrated framework for
AI-ERP adoption

e To provide actionable strategies for organisations navigating AI-ERP implementa-
tion
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This research work is both theoretical and practical in nature. Academically, it in-
volves broadening the scope of existing frameworks to a complex and evolving technical
environment. In practice, it provides a guideline to organisations on how to reduce risks,
enhance system performance, and align the intended AI-ERP adoption with their strate-
gic intentions. Although this framework was primarily based on advanced manufactur-
ing settings, it can also be applied to other industries, such as healthcare and retail, where
success increasingly depends on Al-driven ERP systems.

2. Literature Review
2.1. Overview of Previous Studies

Current trends suggest that incorporating Al into ERP systems is a significant driv-
ing force for improved operations, informed decision-making based on data, and en-
hanced competitiveness [20,21]. However, despite the valuable theoretical knowledge,
the literature on highly automated systems (i.e.,, dark factories) underrepresents the
practical applications of AI-ERP. To address this gap, the section presents real-life case
scenarios and examples that demonstrate the groundbreaking nature of AI-ERP systems
in these environments.

In addition, Unilever has been demonstrating the impact of Al-driven ERP systems
in its intelligent factories. Implementing a predictive analytics system and automation
based on Al enabled Unilever to decrease the number of timely order deliveries by 10%
and reduce inventory costs by 15% [22]. On the same note, Siemens Amberg Electronics
Plant, which is widely regarded as an example of Industry 4.0 practices, applies AI-ERP
to plan production timetables, minimise power usage, and strengthen the supply chain
[23]. The above instances underscore the ability of AI-ERP systems to provide quantifia-
ble business at the dark factory.

The ERP systems that helped Foxconn organise the lights-out production plants and
use robotics and IoT to perform most tasks without human intervention are also another
striking example. Adopting AI-ERP has empowered Foxconn to perform predictive
maintenance (saves 20% downtime), as well as enhance material tracking to facilitate the
practice of the circular economy [24]. The presented case examples provide support for
the implementation of AI-ERP within the context of sustainability, including resource
efficiency and waste minimisation.

Additionally, an example of AI-ERP integration in a highly automated environment
can be found at BMW’s Regensburg Plant. The bot will enhance operational agility, im-
prove the transportation fleet, reduce carbon emissions, and maximise profit through the
use of Al algorithms to optimise logistics [25]. Such practical applications demonstrate
the importance of AI-ERP systems in achieving sustainability and operational efficiency
in dark factories.

However, Ibrahim et al. propose that existing studies on Al are often based on
standard theoretical frameworks that fail to recognise Als” special complexities, such as
the presence of algorithmic bias, ethical considerations and the high cost of implementa-
tion [26]. Furthermore, Tornatzky and Fleischer’s [27] TOE Framework is widely used to
assess readiness to adopt new technologies based on technological, organisational and
environmental indicators. In addition, Awa and Ojiabo applied TOE while exploring ERP
adoption in Nigerian organisations, where technological infrastructure and top man-
agement support play important roles in influencing the outcome [28]. Na et al. expand
on their work by demonstrating how their research highlights the need to align internal
capabilities with external pressures, such as compliance and competition [19]. However,
they caution that companies with Al infrastructures can become overly complex, poten-
tially creating obstaclesdue to stringent data privacy rules and security standards.
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Using the Technology Acceptance Model (TAM), Chatterjee et al. observed that it is
effective in predicting the adoption intent of AI-ERP [2]. Nevertheless, TAM does not
focus on ethical issues, which are essential to establishing trust, including algorithmic
transparency and fairness in interface design [17]. The IS Success Model also assesses
performance following adoption using measures such as the quality of the system, ac-
curacy of information, and satisfaction with the information [29]. According to William
and Tjhin, having quality systems and accurate data is a key step in ensuring that AI-ERP
deployments guarantee the maximum ROI. As Pokala notes, it is also important to es-
tablish continuous oversight and feedback to maintain long-term stability [30,31].

There have been promising efforts towards the integration of TOE, TAM and IS
frameworks. The proposed framework of Jo and Bang offers predictive power across
various organisations, having been applied comprehensively in ERP adoption [16]. Hu-
ong et al. applied this method to the finance industry and demonstrated that integrated
models minimise the risks of implementation and maximise decision-making [32]. Na et
al. used similar frameworks on construction companies and paid much attention to the
importance of context and workers’” behaviour in the adoption of AI [19].

However, Al-Salti and Al-Momani still believe that integrated models have an in-
sufficiently mentioned operational side [33]. Their study emphasises the importance of
robust data practices, adaptable Al applications, and comprehensive employee training
to optimise AI-ERP outcomes. This integrative approach is echoed by Jo and Bang, who
argue that a holistic methodology is needed, as it differs from previous research works
that have only examined specific dimensions of adoption without considering how they
can be integrated with the system [2,16,28].

To study ERP adoption, Jo and Bang combined TOE, TAM, and IS to create a single
model, demonstrating its predictive power across various organisations [16]. In addition,
Huong et al. extended this approach to the finance sector to demonstrate how integrated
models can reduce implementation risks and make optimal decision-making [33]. Na et
al., meanwhile, applied explanatory frameworks to construction firms and considered
the influence of contextual pressures and worker behaviour on Al adoption [19]. These
studies suggest that general adjustments are needed for these industry sectors.

2.2. Challenges in AI-ERP Implementations in Industrial Sectors

AI-ERP faces significant challenges due to algorithmic bias, threats to data security,
risks to employee adaptation, and the resulting impacts on system stability. Bias in the
algorithm is the most common factor that leads to poor decisions; it may be systematic,
such as the creation of an inefficient production schedule, or random, like an inefficient
choice of inventory [13]. Bad AI applications can lead to inaccurate predictions in the
distribution of activities and resources, thus interfering with supply chains [9]. In addi-
tion to accuracy, transparency, and regulatory compliance, recurring monitoring and re-
training, as well as the use of explainable artificial intelligence (XAI) techniques, are in-
alienable [34].

There is another critical issue connected with data security. Artificial intelli-
gence-tailored ERPs are highly susceptible to hacking, data loss, and cyberattacks, in-
cluding ransomware [7]. Encryption, multi-factor authentication, periodic auditing, and
real-time monitoring of deviations can be implemented in a way that addresses these
risks [13]. No regulation should be disregarded (General Data Protection Regulation,
GDPR, and the California Consumer Privacy Act, CCPA) because it would be punishable
to face any fines and damage both the reputation and business [35].

The resistance of employees to using AI-ERP, stemming from concerns about job
security or a lack of skills, is another source of risk [3]. The issue should be addressed
through open communication, leadership development, rewards, and specialised train-
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ing sessions [16,26]. The case of labour deficiency in automated industries highlights the
need for an industry-academia relationship.

These risks, including algorithmic errors, data breaches, and staff resistance, may
impact the business and hinder long-term performance, rendering systems less reliable
[31]. Companies should invest in training, cybersecurity, change management, and
cost-saving balancing [12]. Ongoing, continuously observed feedback systems and
mechanisms are essential to adapting to new risks and achieving measurable results [14].

Proactive mitigation requires risk management measures, such as real-time perfor-
mance monitoring and machine learning, which detect anomalies and facilitate
cross-sector cooperation [16,26]. Legal and ethical factors, such as fairness, transparency,
and accountability, must also be incorporated into the AI-ERP design to align with social
values and regulations [7,13]. By considering such issues, the integration of AI-ERP sys-
tems is effective and sustainable.

2.3. Sustainability Contributions of AI-ERP in Dark-Factory Supply Chains

To achieve sustainability, previous research emphasises the importance of
AI-ERP-based systems in promoting environmental, economic, and social aspects,
thereby supporting current initiatives in sustainable enterprise activities and supply
chain management [6]. One of the most significant areas of focus in the contemporary
industrial setting is environmental sustainability; this is an area where organisational
entities continue experiencing pressure to minimise their environmental impact. The op-
timisation using Al is a central factor in the realisation of this, as it can help optimise
production, including reducing energy use and material waste [36]. Additionally, the
Al-enabled predictive maintenance model can foresee malfunctions by assessing poten-
tial issues in advance, thereby reducing downtime and prolonging equipment lifespan,
which helps conserve resources [7]. Moreover, AI-ERP technologies enable more efficient
monitoring and control of materials, thereby supporting a more closed-loop approach
that guides supply chains toward more sustainable activities through recycling and reuse
[9]. Such abilities are not only used to improve performance in operations; they also es-
tablish organisations as being good custodians of the environment.

Another aspect in which AI-ERP systems are likely to show high potential is eco-
nomic sustainability. These systems have been proven to assist organisations in mini-
mising costs and maximising profitability by increasing supply chain transparency and
resilience [8]. The optimisation of logistics processes by AI-ERP will result in reduced
fuel usage in transportation processes and a minimal carbon footprint [10]. Also, with the
help of real-time data analytics offered by AI-ERP systems, more demand could be pre-
dicted and thus prevent overproduction and related expenses [11]. Small- and medi-
um-sized enterprises (SMEs) can particularly benefit from these economic advantages,
which offer cost savings and improved efficiency, ultimately influencing their long-term
viability and competitiveness.

Social sustainability is vital since AI-ERP systems enhance safer working conditions
in highly automated workplace environments, such as dark factories. By reducing human
exposure to hazardous work through mechanisation, the organisation helps to mitigate
the symptoms of workplace injuries and improve the overall health of employees [3]. For
instance, robotics and Al-driven systems can handle hazardous processes, such as heavy
lifting or exposure to hazardous chemicals, thereby ensuring that human workers are not
placed at risk [26]. Furthermore, AI-ERP frameworks enable a more profound under-
standing between humans and machines, and are reliable and flexible to integrate into
the workforce [37]. This transition not only optimises the safety scene but also enables
employees to focus on more significant activities, leading to increased job satisfaction and
organisational morale.
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By considering environmental, economic, and social aspects, the AI-ERP systems
provide comprehensive coverage of sustainability. These systems not only optimise re-
source consumption and minimise waste but also improve the efficiency of the supply
chain, lower costs, and create safer working environments. By incorporating sustainabil-
ity into the main functions of artificial intelligence-based enterprise resource planning
(AI-ERP) systems, organisations can make their business measurable and sustainable on
a global scale, thereby achieving sustainability in businesses [36]. This strategy can reflect
the potential of an AI-ERP to produce a more sustainable and resilient future across in-
dustries worldwide.

2.4. Theoretical Foundations

To investigate AI-ERP adoption in dark industry environments, this study draws on
three well-established theoretical models: TOE, TAM, and the IS Success Model, each
offering a unique lens for understanding different phases and dimensions of integration
[16].

2.4.1. TOE Framework

The TOE framework was introduced by Tornatzky and Fleischer [27]. The TOE
framework examines how an organisation’s technological capabilities, internal structure,
and external environment influence the adoption of innovation. Awa and Ojiabo
demonstrated the relevance of their work in ERP contexts, noting that cloud infrastruc-
ture, leadership alignment, and market pressures drive successful technology uptake
[28]. However, it lacks focus on individual user behaviour and post-implementation
success metrics, leaving gaps in understanding how employees interact with Al-driven
systems and ensuring long-term operational efficiency [17].

2.4.2. TAM Framework

TAM was proposed by Davis [38]. TAM explains individual adoption behaviour
based on perceived usefulness (PU) and perceived ease of use (PEOU). Chatterjee et al.
and Jo and Bang confirmed that TAM is vital in determining ERP system acceptance,
primarily when employees must interact with Al-driven interfaces [16,29]. While TAM
addresses the human dimension, it does not capture organisational or environmental
readiness, which are critical factors in highly automated settings, such as the dark in-
dustry [19].

2.4.3. IS Success Model

The IS Success Model was introduced by DeLone and McLean [29]. This model as-
sesses system success across various dimensions, including system quality, information
quality, service quality, user satisfaction, and net benefits. William and Tjhin validated
the applicability of this model in AI-ERP environments, particularly for post-deployment
analysis, highlighting its role in assessing operational efficiency and ROI [30]. However,
ISSM does not guide pre-adoption conditions or user motivation, underscoring the need
for a more comprehensive framework that addresses both planning and execution phases
[32].

2.4.4. Integration of TOE, TAM, and IS Success Models

Although these models offer valuable insights individually, none comprehensively
address the full AI-ERP lifecycle, particularly within dark industries where autonomy in
technology, ethical Al, and dynamic feedback are critical [31]. Figure 2 illustrates that
integrating TOE, TAM, and ISSM into a unified framework offers a more comprehensive
understanding of adoption readiness, user engagement, and long-term success. This in-
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tegrated approach enables organisations to address challenges such as data quality, al-
gorithmic bias, cybersecurity risks, and employee resistance, while maximising the po-
tential of AI-ERP systems [26].

The success of AI-ERP system integration in industrial sectors can be rigorously as-
sessed based on a well-established framework of performance indicators. Empirical
metrics can be used to measure the quality of a system; these metrics include system up-
time, speed, and scores on integration compatibility [39]. The level of user satisfaction can
be measured through Likert-scale surveys, analysis of adoption rates, and employee re-
tention rates [16]. Definite progress and efficiency in operation can be tracked by the
changes in cycle time, the enhancement of production precision, waste minimisation, and
reduction in costs [26]. Sustainability measures, such as the decrease in CO: emissions
and growth in the recycling rate of materials, can be another key performance metric in a
dark-factory environment [7,13].
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Figure 2. Integrated conceptual framework synthesising TOE, TAM, and IS Success Models to
guide AI-ERP adoption, with emphasis on Al autonomy, human-machine collaboration, and op-

erational agility in dark industry environments.

2.5. Research Hypotheses

The integrative concern of the TOE, TAM, and the model of IS Success, the follow-
ing research propositions are supported:

H1: Technological readiness positively influences the perceived usefulness and ease of use of
AI-ERP systems (TAM).

H2: Organisational readiness moderates the relationship between AI-ERP adoption and system
success (TOE Framework).

H3: Environmental pressures significantly impact AI-ERP adoption and effectiveness (TOE
Framework).

H4: Ethical considerations positively influence user acceptance and trust in AI-ERP systems
(TAM).
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H5: Data security measures enhance the stability and effectiveness of AI-ERP systems
post-adoption (IS Success Model).

H6: Continuous feedback mechanisms improve the long-term performance of AI-ERP systems (IS
Success Model).

2.6. Gaps in Existing Research

The application of AI-ERP is primarily studied in typical industries, with relatively
little emphasis on highly autonomous settings, such as dark industries or lights-out
manufacturing, which feature a significant dependency on robotics and Al [19]. The
settings are novel and present distinct challenges, including real-time data integration,
transparency of algorithms, and ethical concerns, which are often overlooked in the re-
cent literature [16].

There is also a gap in the heterogeneous theoretical models applied to the study of
the AI-ERP adoption. The current literature typically employs TOE, TAM, or ARE Suc-
cess models, either independently or in a co-linear combination, in a manner that does
not establish an integrating framework encompassing the complete AI-ERP lifecycle, i.e.,
from pre-adoption preparation to post-adoption assessment [33]. When using the TOE
framework, one can assess technological, organisational, and environmental aspects;
however, it is not possible to evaluate the behaviour of individual users or measure the
success of the system, which is crucial for the thriving of the AI-ERP [17]. On the same
note, TAM emphasises user acceptance and does not provide information on organisa-
tional fit and pressure of the environment [29].

Additionally, an effective feedback system following the implementation stage is
conspicuously missing in the available frameworks. Independent factory settings require
the repetition of feedback processes to control an AI-ERP system that evolves after im-
plementation, responding to the new demands of the operational environment without
human interference [31]. Such a limitation exposes the organisation to ineffective and
inaccurate operations on a dynamic AI-ERP system [30].

Furthermore, existing literature is limited in outlining tools for measuring key
attributes of a dark industry execution. For example, only a few previous studies have
been conducted on measures related to Al transparency, general indicators of familiarity
in human-machine relationships, or controls on tracking regarding rule adherence in
confined production settings [9,34]. In addition, the aforementioned gaps highlight the
necessity of providing empirical research on the specific assessment tools that should be
utilised in the dark factory setting.

Moreover, the application and adoption of AI-ERP depend on geographical, indus-
try, and cultural factors, including opposition to job loss in collectivist cultures and reg-
ulatory issues, including the GDPR [26,35]. Developing countries also face infrastructure
deficiencies that must be addressed through training the workforce and establishing
technology alliances [32]. However, post-implementation feedback systems are essential,
and a real-time dashboard and an Al-based feedback portal allow sustained improve-
ment [16]. The operational efficiency is guaranteed by predictive maintenance [12]. Ex-
amples of practical tools for creating a dark factory include metrics of Al transparency,
user-machine cooperation measures through questionnaires [37], and the use of
IoT/blockchain to verify compliance with specific rules [9,35].

Table 1 illustrates that the synergies between these models are an effective way to fill
in the gaps in both literature and practice and offer practical data to guide businesses that
have to work in complicated industries, such as the dark industry [19]. Such a holistic
approach will ensure that AI-ERP systems are not only technically mature but also gen-
erally acceptable and able to provide a measure of business value [12].
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Table 1. Integrated Model Combining TOE, TAM, and IS Success for AI-ERP Implementation [19].

Limitations When Used

Model Core Focus Strength in AI-ERP Key Variables Justification for Integration

Alone
. Captures broader Integrating TOE with TAM
Internal organisa- . . . . .
. organisational and Technological readi- and IS Success bridges this
tion and external . ; . Lo
environmental po- ness, Al infrastruc- gap by incorporating indi-

factors influencing

. . . 2 tentials and barriers, ture, organisational Does not consider user vidual-level insights and
adoption, including

TOE technologv charac ensuring alignment structure, and exter- perspectives or system post-adoption performance
teristi ‘C’;y . with market com- nal pressures performance metrics  evaluations, offering a com-
eristics, firm size, . . . .
and environmental petitiveness and  (e.g., industry compe- plete view from infrastructure
\ . s . . .
ressures regulatory require- tition) readiness to user satisfaction
P ments and system impact.
Predicts emplovees’ Combining TAM with TOE
ploy . and IS success ensures that
Individual user be- acceptance of . Ignor.es t.echnologlcal, organisational readiness and
. . Al-enabled ERP  Perceived usefulness, organisational, and en- . .
haviour, focusing on . . . environmental influences are
TAM . features and their perceived ease of use, vironmental factors, as . .
perceived usefulness . . . . considered alongside user
behavioural inten-  attitudes toward AI ~ well as post-adoption .
and ease of use tion to adopt the SUCCESS measres acceptance, addressing the
A P ‘human factor’ in AI-ERP
system .
Y adoption.
Evaluates ALLERP Does not explore Integrating IS Success with
Post-adoption eval- outcomes, assessing Information quali pre-adoption factors TOE and TAM enables a
. u : ing In ion quality, . .
IS Success uation of system decision-makin 8 svstem ualictl se?, such as reasons for  complete lifecycle evaluation,
Model quality, information biliti & ,y lc'lt Yr ¢ adoption or the influ- ensuring that AI-ERP systems
ode capabilities, opera- vice quality, user sat-

quality, and user ence of technological are not only accepted but also

: . tional efficiency, and isfaction, net benefits
satisfaction

. and environmental con- deliver measurable and im-
overall benefits

texts pactful results.

Although the impact of Al on implementing an ERP system, as well as adoption
and usability, is not well-documented, some scholarly data exist to sufficiently describe
its use and related outcomes of sustainability across the supply chains. Prior research
has observed the optimisation of current resources and minimisation of waste. However,
it seldom incorporates such consequences into an integrated adoption-to-impact logic
that addresses context before adoption (TOE), behaviour of adoption (TAM), and af-
ter-adoption performance (IS Success) in dark-factory settings [6,36]. This study bridges
the methodological gap and explains how AI-ERP is implemented by locating sustaina-
bility levers within a single TOE-TAM-IS structure, i.e., energy and material efficiency,
predictive maintenance, logistics optimisation, and circular economy tracking [7,9].

3. Methodology

The proposed research is quantitative, based on simulated real-world indicators (i.e.,
robot density, Al adoption rates, sustainability metrics), and provides structural rela-
tionships  through regression analyses written in the Google Colab
(https://colab.research.google.com, accessed on 19 July 2025), an online platform for Py-
thon programming language. Additionally, regression analyses were conducted using
libraries such as NumPy (version 1.26.4), pandas (version 2.2.2) and scikit-learn (version
1.5.1). The current research analysed the critical variables that contribute to the adoption
and post-adoption success of Al-based ERP systems. Its methodology incorporates the-
oretical constructs from the TOE framework, the TAM, and the IS Success Model, in an
attempt to gain a comprehensive understanding of the use of the AI-ERP system in
highly automated environments [16,19].

A simulated scenario was developed using 200 firm-level data from an intensive
technology sector over four years (2020-2023) [40]. The process of data generation oc-
curred in a systematic manner, where the density of the robot population was provided
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as a normally distributed variable with a mean value of 310 robots per 10,000 workers
and anchored on the International Federation of Robotics data; the cost decrease and
sustainability were the percentage changes that were ordered based on the case reports
available publicly [22,40]. Additionally, random noise was added to ensure the synthetic
data presents realistic scenarios. Sensitivity analysis and cross-validation of differing
parameter assumptions, along with robustness checks against limited real-world data,
were used [41]. All simulations were carried out using Python libraries NumPy and
Pandas, ensuring reproducibility.

The lack of firm-level microdata on AI-ERP adoption necessitates the adoption of
synthetic data. However, these studies consider both organisational and individual as-
pects of AI-ERP adoption, including financial performance and acceptance, as well as
various practical implementation obstacles [16,29]. However, only 25% of the variance in
user satisfaction remains explained by the OLS regression model. To further investigate
the relationship between all these interdependencies, future studies should be more
comprehensive than OLS and include structural equation modelling (SEM) or partial
least squares SEM (PLS-SEM) [26,40]. Moreover, future studies may focus on gathering
data over longer timeframes or primary data, such as firm-level microdata on AI-ERP
use, to enhance the validity x and generalizability of empirical studies.

4. Findings
4.1. Proposed Conceptual Framework for AI-ERP in the Dark Industry Era

An integrated model is suggested in this study: the TOE, TAM and IS Success
Model, supplemented by industry-specific factors. The structure of the model is shown in
Figure 3.

Technological Organizational Environmental
Context Context Context
E e y » i p - Dark Industry
erceive erceive p Specific Factors
Behavioral pec
Usefulness Ease of Use i,
[ to Use LBVE.‘l Qf
l Autonomy
AI-ERP [# Human-Machine
System Use Collaboration
l Operational
Net Benefits Flexibility
Sustainabiliity
i l l l Considerations
System Information Service User
Quality Quality Quality Satisfaction

Figure 3. Proposed Integrated Framework for AI-ERP in the Dark Industry Era (adapted from [27];
and modified from [16,19]).

In Figure 3, the proposed conceptual framework is adapted and synthesised from
the TOE model [27], TAM [38], and the IS Success Model [29], extended with contextual
elements of Al-driven “dark industry” [16,19]. The provided conceptual framework
presents a systematic approach for organisations implementing Al-based ERP systems
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efficiently, including the dark factor of industry-specificities, such as autonomy, human—
machine collaboration, operational flexibility, and sustainability [19]. A significant aspect
of the framework is that it supports constant feedback mechanisms to ensure its ac-
ceptance by users. Insights gathered from end-user interviews can help organisations
enhance the design and usability of AI-ERP systems, reinforcing their understanding of
the benefits of Al products and addressing potential resistance [16]. Such an iterative
process also makes AI-ERP systems not only technically sound but also user-friendly and
employee-friendly, allowing them to become widely adopted.

The adoption and application of this paradigm should proceed in phases: pilot im-
plementation, and a fully functioning environment in which IoT-enabled robotics and
supply chains have already been integrated for complete Line-of-Business Deployment
[9]. Evaluation focuses on dark industry dimensions, such as Al autonomy, measured by
decision accuracy, latency, and the level of human override and human-machine col-
laboration, measured by the reduction in error and the efficiency of the task [9,26]. In
addition to system quality, service quality, and user satisfaction, these indicators can
form the comprehensive KPI package for monitoring post-adoption outcomes in terms of
efficiency, cost reduction, and decision-making [30].

4.2. Application of Integrated Framework

There is a transformative potential in the incorporation of Al into ERP systems in
business activities. Nevertheless, there always seem to be problems that accompany im-
plementation, such as technological barriers, organisational resistance, and environ-
mental restrictions. To address these issues, a formal framework should be employed to
critically evaluate the implementation of AI-ERP [28]. The model enables organisations to
be technologically ready by measuring their infrastructure to integrate Al within ERP
systems. It can be used to highlight the possibility of and feasibility of integrating
Al-based analytics, machine learning models, or even cloud computing within the cur-
rent ERP system prior to the implementation [19]. An example is a manufacturing com-
pany that can use this framework to assess the capability of its data infrastructure to en-
able predictive analytics needed to optimise its supply chain.

Figure 4 depicts the Al adoption rate from 2020 to 2023. The Al adoption rate started
at a high level in 2020, reflecting early enthusiasm and investment in Al-driven solutions.
There was a noticeable decline in the adoption rate between 2020 and 2023, with signifi-
cant fluctuations observed in 2021 and 2022. This suggests that while initial interest was
strong, ongoing challenges such as implementation complexities, data quality issues, and
workforce readiness may have impacted sustained adoption. By 2023, the adoption rate
has stabilised at a slightly lower level compared to 2020, indicating that organisations are
adapting to these challenges but have not yet regained the initial momentum.
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Figure 4. Trend in AI Adoption Rate Over Years.

To understand the effectiveness and acceptance among employees of AI-ERP inte-
gration, an organisation can use the TAM to assess the perceived ease of use and per-
ceived usefulness of the implemented new technology [37]. For instance, a healthcare
company utilising ERP systems can leverage advanced Al to automate various processes
across multiple departments, including patient management, predictive admission and
discharge, Al-driven diagnostics, and automated billing and payment processing. Then,
how employees perceive the value of usefulness and ease of operation can be measured
through the TAM [16].

The primary goal of an organisation in integrating AI-ERP systems is to achieve the
system’s effectiveness through user satisfaction, system quality and business impact. The
TOE, TAM, and IS Success models collectively measure the success of implementing new
technology [16]. For example, in the context of a manufacturing company implementing
AI-ERP systems to optimise supply chain forecasting and production planning, TOE will
assess technological readiness, such as Al-driven infrastructure, along with organisa-
tional readiness, including employee skill adoption and environmental factors, such as
regulatory compliance [18]. TAM will help evaluate the perceived usefulness of tech-
nologies like Al-driven predictive analytics for decision-making. Finally, IS success will
be measured by system quality, including the accuracy of real-time analytics and user
satisfaction, to determine the level of trust employees have in Al capabilities [18]. All
these models can be unified to suppress the challenges of implementing Al in ERP sys-
tems, providing a holistic assessment view of different aspects that stimulate the adop-
tion of new technologies.

4.3. Application of AI-ERP Across Industries Using an Integrated Framework

Al integration into ERP systems has garnered significant attention in recent years
across various industries, with high adoption potential due to the increasing complexity
of business operations and the need for real-time, data-driven decision-making. Manu-
facturers evaluate the adoption capability of AI-ERP systems based on technological
readiness and organisational structure using the TOE framework. As shown in Figure 5,
robot density experienced a significant decline in 2021, followed by a steady recovery
through 2022 and 2023. While not consistently increasing over the full period, the up-
ward trend since 2021 suggests renewed investment in automation and Al-integrated
manufacturing systems, supporting the technological readiness construct within the TOE
framework.
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Figure 5. Increasing robot density in industrial firms (2020-2023), showing the technological ad-
vancement driving AI-ERP adoption in dark industries.

To determine the acceptance level of new technology, manufacturers assess em-
ployees’ perception towards the Al-driven ERP system, whether they find it user-friendly
or not [12]. The hospital industry can decide to implement AI-ERP systems after analys-
ing regulatory policies, infrastructure capabilities and financial constraints through TOE
analysis. TAM can determine whether professionals are willingly adopting AI-ERP to
streamline patient management and reduce administrative burdens. For instance, Mon-
dal and Bhuiyan demonstrated the effectiveness of machine learning in early interven-
tion and personalised treatment for chronic diseases [42]. Their study highlights how
predictive models can analyse patient data to identify risk factors and recommend tai-
lored interventions, showcasing the versatility and impact of Al in addressing complex
challenges across industries. The IS Success model will enhance data security, flawless
patient records and real-time analytics, impacting improved healthcare outcomes, re-
source allocation, predictive inventory supplies management and cost reductions [43].

AI-ERP can be leveraged by assessing technological compatibility, organisational
preparedness, and market trends. This can be used to build a marketing strategy using
Machine learning algorithms and Internet of Things (IoT) or facial recognition tools to
analyse consumer behaviours, which can be understood through TOE [44]. Internal
stakeholders’ acceptance motive can be understood using the TAM for AI-ERP systems
to gain customer insights and adjust prices in real-time based on demand. The IS Success
model will play a pivotal role in ensuring data accuracy and system quality, thereby
improving sales forecasting and delivering superior customer service, ultimately en-
hancing profitability and customer satisfaction [31].

4.4. Integrating TOE, TAM, and IS Success Model in Business Settings

After analysing the existing functionalities of each model, none of the models pro-
vides holistic integrated solutions for AI-ERP systems adoption. In this case, a compre-
hensive AI-ERP framework will be the most justifying solution, combining the TOE
framework, incorporating macro-level influences, the TAM for micro-level determinants
and the IS Success model for post-implementation success evaluation, offering a holistic
perspective that can be applied in current business settings [16]. However, the model
must comprise processes that can be adapted to suit specific regulatory, cultural, and
market requirements, thereby avoiding irrelevance and incompetence in other industries
and regional contexts.
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The regulatory compliance that organisations should undertake to implement the
framework requires them to address local regulations through effective data governance,
which includes the GDPR or CCPA [13,34]. Methods and plans for change management
and leadership services should be adapted to the cultural peculiarities of a specific area to
eliminate opposition to automation [26]. When competing in a market, it is necessary to
take into account the application of AI-ERP systems to support supply networks and
carry out predictive maintenance [9].

Pre-Adoption Phase (TOE Framework), where organisations assess technological
feasibility by examining Al infrastructure, cybersecurity, cloud computing, organisa-
tional readiness. They also evaluate leadership and financial support, as well as market
demand, regulatory constraints in a business environment to shape strategic decisions
and understand the implementation possibility [19,35]. Moreover, the density of robot
parameters is used to measure technological development, providing information on the
level of automation in use in the organisation [40]. These tools help align the technology
aspects of the organisation with its strategic direction, leading to easier integration in the
preparation phase.

Adoption Decision Phase (TAM), emphasis shifts to the acceptance by the user and
perceived ease of use. User Interface (UI) and User Experience (UX) test platforms are
used to evaluate the intuitive and operational quality of AI-ERP interfaces. Additionally,
these employee training simulations are used to measure user acceptance and learning
skills through e-learning systems and simulated use cases [16]. These methodologies
ensure that its employees are adequately prepared for the adoption of AI-ERP systems,
and thus, during their implementation, resistance is mitigated [26].

In the post-adoption phase of the IS Success Model, monitoring and evaluating the
system performance continue. Key Performance Indicators (KPIs) are used to measure
success in many different dimensions. Information quality is examined through predic-
tive accuracy and (re)training of the Al models for their relevance and accuracy [12]. User
satisfaction is monitored using surveys, Net Promoter Scores (NPS), and Al-driven sen-
timent analysis, which helps provide actionable feedback for system improvement [33].

However, ethical and social issues should also be solved in a well-organised way.
Strict rules and regulations will also place AI-ERP systems within the realm of techno-
logical ethics [11]. It is through these additions that the structure becomes more flexible
and ethical, thereby enhancing user trust and comfort in the system.

Table 2 outlines the phases of Al integration into ERP systems: Pre-Adoption,
Adoption, and Post-Adoption, along with specific modules, their purposes, and actiona-
ble steps for IT organisations to support each phase.

Table 2. Comprehensive Framework for AI-ERP Integration across Phases.

Phase

Al Integration Mod-

ule

Purpose Actions for IT Organisations Reference

Pre-Adoption
(TOE Framework)

Al Infrastructure  platforms, machine learning en-
Readiness gines, and cybersecurity proto-

E Al ts like cloud
fisuire A% components ke ot Audit current IT assets, upgrade ERP to

Al-compatible systems, and invest in [1,19]

cols are in place. cloud and cybersecurity.

Data Management Create clean, structured, inte-
and Quality grated datasets for Al processing.

Launch data cleansing projects, estab-
lish centralised data warehouses, and [15,16]
enforce data governance.

AI-ERP Compatibility
Assessment

Ensure the ERP can integrate AI Check ERP vendors for Al compatibil-
features, such as automation and ity, develop APIs and middleware so- [12,17]
predictive analytics. lutions.

Organisational Train- Build organisational support and Conduct leadership workshops, ap-
ing and Leadership skills for Al adoption. point AI-ERP project leaders, and

[3,26]
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Buy-In schedule Al training for staff.

Market and Regula-  Align Al strategies with market
tory Analysis trends and legal compliance.

Analyse competition, monitor regula-
tory requirements, and survey custom- [14,45]
ers about Al service needs.

Al-Enhanced User = Make Al features intuitive and

Redesign ERP dashboards with Al el-

Interfaces (UX/UI) user-friendly. ements; invest in UX testing and feed- [32,44]
back loops.
Al Training Modules Empower users with Al Create e-learmr}g platforms, S}mulat‘?
. Al usage scenarios, and organise certi- [15,29]
for Employees knowledge and skills. .
Adoption (TAM) fication programmes.
P Internal Communica- Increase emplovee motivation Share success stories, reward early
tion and Change P y adopters, hold town halls, and manage [3,17]
and reduce resistance to Al . .
Management expectations proactively.
Deploy Al-driven chatbots, set up
Ensure users feel supported dur- .
User Support Systems ing the transition to AL-ERP. Al-focused helpd.esks, p.rov1de FAQ [15,31]
portals and live assistance.
System Reliability and Install real-time system monitoring

Ensure stable and efficient opera-

Performance Moni- . dashboards, use Al for automatic [16,33]
. tion of AI-ERP systems. .
toring anomaly detection.
Informati.on. Quality Generate actionable and accurate Track fore.casting accuracy, continu-
and Predictive Ana- . - ously retrain Al models with updated [12,31]
. business insights. .
lytics business data.
Servi ds t
Post-Adoption (IS ervice and SubPOTt b hance ongoing system support Use Al bots for user support, and im-
Enhancement . . . [16,30]
Success Model) . and user experience. plement proactive maintenance alerts.
(Al-driven)
X . Measure how users perceive the Conduct user surveys, track NPS, and
User Satisfaction ’
Trackin AI-ERP system analyse feedback through Al sentiment [16,33]
8 post-implementation. tools.
Monit t savings, effici ins,
Business Impact ~ Demonstrate tangible benefits of ORILOT COSE savings, etclency gains
and revenue growth; present quarterly [1,14]

Measurement (KPIs) AI-ERP adoption.

performance reports.

4.5. Regression Analysis: Predicting User Satisfaction

In highly automated industrial procedures, such as those in dark factories, regres-
sion analysis attempts to identify factors that influence user satisfaction with AI-ERP
systems [19]. The highest impact on the successful implementation of AI-ERP has been
user satisfaction, as the adoption process of an AI-ERP system is closely tied to the level
of user satisfaction [16]. This study used the Ordinary Least Squares (OLS) regression
model to analyse the influence of user satisfaction on other important variables such as
AI_ERP_System_Use, Cost_Reduction_pct, Productivity_Increase_pct and efficien-
cy_Gain_pct. The selection of these variables is connected to the fact that they are rele-
vant in terms of the TOE, TAM, and the IS Success Models, which revolve around the
aspects of technological readiness, user acceptance, and success beyond adoption [26].

The sample size comprises 200 firm-based observations in an intensive technology
industry over four years (2020-2023) [40]. The dependent variable is User Satisfaction,
which indicates the amount of satisfaction with the AI-ERP system among users. The
independent variables list encompasses several aspects of AI-ERP implementation, in-
cluding system utilisation, cost savings, productivity maximisation, and efficiency. The
results suggest that persistent interaction with the AI-ERP system has a significant im-
pact on user satisfaction, reinforcing the need for functional and user-centric solutions.
The ensuing implications are thus to improve Al-driven interfaces, which are expected
to promote user adoption and reduce resistance [31,35].

Moreover, addressing implementation obstacles and thereby reducing cost burdens
and poor data quality requires the emergence of leadership sponsorship, accompanied
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Regression Summary:

by well-organised and effective training programmes, to ensure that users understand
the benefits and operational characteristics inherent in AI-ERP systems [45]. Such
measures have dual benefits: they increase user satisfaction while driving the overarch-
ing success of AI-ERP adoption by balancing technological capabilities with institutional
needs.

The results, as shown in Figure 6, indicate that the use of AI-ERP systems has a sta-
tistically significant positive effect on user satisfaction (3 =0.679, p <0.001). This confirms
that consistent and meaningful engagement with the AI-ERP system is a strong predictor
of satisfaction, supporting Objective 3 of the study, which aims to determine how system
use contributes to post-adoption outcomes.

OLS Regression Results

Dep. Variable: User_Satisfaction  R-squared: @.263
Model: OLS  Adj. R-sgquared: 2.248
Method: Least Squares F-statistic: 17.36
Date: Sat, 19 Jul 2825 Prob (F-statistic): 3.34=-12
Time: @8:43:56  Log-Likelihood: -257.59
MNo. Observations: 288 AIC: 525.2
Df Residuals: 195 BIC: 541.7
Df Model: -
Covariance Type: nonrobust

coef std err t P> t] [B.825 8.975]
const 1.8696 8.918 1.165 @.245 -8.741 2.888
AL _ERP_System_Use @.673a 8.883 8.2a7 8. a0a 8.516 a.842
Cost_Reduction_pct -@.8el12 @.883 -@.142 a.887 -8.813 8.815
Productivity Increase_pct 8. 8860 8.822 @.278 8.781 -0.836 0.8458
Efficiency Gain_pct a.a8a0 8.0a8 @.a74 @.941 -9.815 a.alé
Omnibus: 11.821 Durbin-latson: 1.923
Prob{Omnibus): 8.883  Jarque-Bera (JB): 12.428
Skew: -8.6086  Prob(J]B): 9.00208
Kurtosis: 3.152  Cond. No.

1.25e+03

Figure 6. OLS Regression Summary —Predicting User Satisfaction.

Moreover, the OLS regression model explains only 25% of the variance in user sat-
isfaction (adjusted R? = 0.248), indicating that it has a weak explanatory power with
subsequent variables removed. In addition, significant elements of ethical considerations,
cultural variations, and workforce preparedness ought to be taken into account. Ex-
plainable AI (XAI) methods can be used to measure ethical factors, such as the trans-
parency of the algorithms [34]. Cultural differences can be estimated using cross-cultural
surveys [26], whereas workforce readiness may be estimated using skill gap analysis [30].
Professional approaches, such as structural equation modelling (SEM) or partial least
squares SEM (PLS-SEM), should be employed in future research to elucidate complex
interdependencies [26,39].

Figure 7 shows the positive linear relationship between AI-ERP system usage and
user satisfaction based on firm-level regression analysis (n = 200). This figure includes
charts likely showing trends over time for these metrics and potentially breakdowns of
investments or returns by category, offering a concise overview of the financial perfor-
mance. Each purple dot represents a single firm’s observed values. The solid purple line
is the fitted regression line, indicating that higher AI-ERP adoption is associated with
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greater user satisfaction. The light purple shaded region represents the 95% confidence
interval around the regression line, reflecting statistical precision.

Regression: Al-ERP Use vs User Satisfaction
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Figure 7. Regression: AI-ERP Use vs. User Satisfaction.

Furthermore, multicollinearity was considered the source of the insignificance of the
coefficient variables, such as Cost_Reduction, Productivity_Increase, and Efficien-
cy_Gain. Although no Variance Inflation Factor (VIF) diagnostics were performed, addi-
tional appropriate tools took care of redundancy among predictors, like the correlation
matrix (Figure 8). The correlation matrix was obtained to identify highly correlated in-
dependent variables (e.g., cost reduction and productivity increase). Strongly intercor-
related variables were eliminated or merged in order to decrease redundancy [46,47].
Moreover, a refinement of the model was performed using stepwise variable selection
methods, ensuring that overlapping explanatory variables did not affect the standard
errors and inverted estimates of coefficients [48,49].

The Durbin—Watson statistic (~1.93) confirms the absence of autocorrelation, and the
residuals passed normality checks (Jarque-Bera = 0.002), ensuring model validity. Fur-
ther diagnostic tests were carried out to assess the reliability of the model, which in-
cluded the Breusch-Pagan test. This test found no significant cases of heteroskedasticity,
indicating that the variance of the residuals can be constant throughout the observations
[50].
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Correlation Between AI-ERP Metrics
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Figure 8. Correlation Between AI-ERP Metrics. Correlation matrix showing interrelationships be-

tween AI-ERP system usage, productivity, cost reduction, efficiency, and user satisfaction.

Furthermore, external validity was restricted by the use of simulated regressions in
the study. To address this, future research should incorporate field experiments and
control groups to demonstrate what happens independently of dark factories in real-life
settings. Generalisability can be improved by using case studies based on industries that
have adopted AI-ERP systems to validate the systems [36] empirically. Additionally, they
would enable more dynamic simulation in operational settings, bridging the gap be-
tween theory and practice by utilising more advanced simulation methods, such as
agent-based modelling or digital twins [9]. Lastly, the simulated trends were compared
to scarce real-world data using energy-saving and wastage rates to ensure the observed
trends were in line with the simulated trends [40].

5. Discussion

The incorporation of Al in Medicare, the green economy and different industrial
sectors has emerged during the last few decades. For Instance, Al applications, including
CNN-Transformer based models (e.g.,, BERT version 1.0), XGBoost (version 2.1.0)
framework, Explainable Al, Neural Networks, have been successfully applied in bridg-
ing the gaps between traditional finance and Blockchain ecosystems, medicare fraud de-
tection, customer interaction models and enhancing digital payment security
[34,35,51,52]. Therefore, this study presents a potentially improved theoretical frame-
work for integrating Al into the ERP system, oriented explicitly towards industrial au-
tomation in a new environment known as the dark industry [16]. The suggested frame-
work leverages the synergy of three existing models: TOE, TAM, and the IS Success
Model, and integrates industry-specific factors, including autonomy, human-machine
collaboration, flexibility, and sustainability [19]. The framework can present an entire
plan for deploying AI-ERP in highly profitable, highly automated settings, using
pre-adoption readiness, user acceptance, and post-adoption performance as its key met-
rics.

The framework is based on the TOE dimensions context: technological, organisa-
tional, and environmental. The resultant readiness to technology, such as the infrastruc-
ture and Al-related capacities, affects the perceived usefulness of the system to the users.
Organisational policies, training programmes, and leadership alignment govern the
perceived ease of use. In contrast, the behavioural intentions to adopt the AI-ERP systems
are established by the environment, such as regulatory pressure and market competi-
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tiveness [17]. These TAM elements are discharged into practical system utilisation, which
is the central point of the framework. Industry-specific advantages, such as the flexibility
to work in unstructured environments and the collaboration between Al and humans,
are more dark enablers that contribute to user adoption and the system’s capabilities [53].

Following the adoption, the indicators of post-adoption success are measured using
the IS Success Model, which reflects the quality of systems, the quality of information, the
quality of services, and user satisfaction [29]. The measures will provide continuous
feedback regarding the advancement and expansion of AI-ERP implementation as part of
the innovative factory environment [31]. The framework enables the consideration of the
complexity of AI-ERP integration and the specifics of current industrial paradigms,
without neglecting the impact of pre-adoption factors and the consequences of
post-adoption implementations [32].

The findings of the study present practical guidelines to practitioners of the indus-
try, policy-makers, and researchers. Practically, using the integrated TOE-TAM-IS
model keeps practitioners on the right track for a holistic evaluation approach to tech-
nological, organisational, and environmental readiness [16]. Making Al modules us-
er-friendly and focusing on their positive aspects, including predictive analytics and
automation, will lead to increasing user acceptance, and their resistance levels will be
minimised [29]. The system performance and user satisfaction could be measured and
presented in the form of Key Performance Indicators (KPIs) to ensure the success of
post-adoption. The best way to resolve implementation obstacles, including expense and
poor information quality, is to build leadership support, strong training facilities, and
clearly communicate the benefits of AI-ERPs [44].

The results indicate that the results of AI-ERP adoption differ greatly across regional
and sectoral settings. Organisations should utilise context-sensitive mechanisms to en-
hance adaptability. Accordingly, the automotive industry tends to concentrate on robot-
ics and predictive maintenance, whereas the retail industry promotes data management
and purchase anticipation. European companies, in their part, need GDPR-aligned con-
trols, and Asia-Pacific companies have to adjust to having centralised supply chains and
disparate digital maturity levels [7,17]. Incorporating these layers of adaptation into the
integrated model can provide alignment with regulatory, cultural, and infrastructural
situations, which leads to successful adoption.

Policy-makers and industry actors should strive to implement specific ethical prin-
ciples, data security practices, and data management policies tailored to autonomous
industrial environments [13]. Stimulating cross-sector cooperation and benchmarking
projects will help accelerate AI-ERP innovation. In contrast, training programmes and
investments in workforce training can help mitigate the skills deficiency in Al, robotics,
and ERP integration [26].

The future research will be instrumental in promoting the applicability of the
framework. It will enhance its generalizability by utilising empirical testing, case studies,
and quantitative research across various industries, including manufacturing, healthcare,
retail, and dark industries [17]. Regional and sectoral differences must also be explored to
appreciate the performance of the framework after adjusting it to different regulatory,
cultural, and infrastructural environments [1]. The exploration of the longevity conse-
quences of AI-ERP implementation on operational efficiency, cost reduction capabilities,
strategic decision-making processes, and sustainability will reveal lasting value and
identify areas for intervention to achieve better outcomes [12].

6. Conclusions

The study determines that the effective implementation of AI-ERP throughout the
model cannot involve a series of individual applications; instead, it requires a compre-
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hensive approach that encompasses technical readiness, organisational dynamics, envi-
ronmental support, user behaviour, and ongoing system evaluation. The various chal-
lenges of AI-ERP adoption manifest in different ways, even in highly industrial envi-
ronments where autonomy, real-time decision-making, and human-machine interaction
are of vital importance, such as in dark factories.

The framework suggested in this paper is the only one that fits the emergence of
dark industry settings, due to the synergistic blend of the three pillars of TOE, TAM, and
the IS Success Model. Its combination with industry-specific variables, such as automa-
tion, the ability to respond flexibly to changing needs, sustainability, and ethical con-
cerns, makes it relevant in the fast-developing industrial environment.

In addition, by combining TOE, TAM, and IS Success models, a single perspective
emerges to assess the readiness of the AI-ERP, the dependence on user acceptance, and
long-term success. The practice will enable organisations to address pressing issues such
as data quality, algorithm fairness, cybersecurity threats, and employee resistance, while
also maximising the benefits of Al-based ERP systems. Scholars can make essential con-
tributions to the development of this framework by testing the primary constructs
through empirical measures, examining the input process, and addressing local differ-
ences in adoption processes. Such attempts will streamline the framework, making it
more applicable across various sectors and situations.

Ultimately, the proposed model can enable organisations to achieve success in the
era of Industry 4.0 and beyond, thanks to enhanced operational efficiency, reduced costs,
and informed strategic decision-making. It also provides businesses with relevant prac-
tical plans to manage it through the pre-adoption planning, implementation, and
post-adoption examination in an orderly manner. This study helps to fill the gaps in the
literature. It provides actionable advice, enabling the successful integration of AI-ERP
systems and allowing organisations to unlock their potential in highly automated
settings. Although this research emphasises the contribution of AI-ERP to the sustainable
industrial change, its application can be maximised by applying the guidelines for
adapting it. The organisations are expected to align their implementation needs with
regulatory demands, assess the capacity of their workforce to handle processes, and
positivise ethics-by-design, including the explainability of algorithms, fairness inspec-
tions, and human-in-the-loop controls. To address social barriers like resistance and skill
gaps, a systematic change management approach and/or a system of consecutive training
is necessary. This study has limitations. The use of simulated data limits empirical gen-
eralizability, and the model only explains a portion of the variation in user satisfaction,
suggesting that there are unexplored factors, including environmental pressures and
employee competencies. Differences in sector and culture are observed but not verified
empirically. The framework should be supported by future studies that utilise case
studies and innovative techniques (e.g., SEM, PLS-SEM) across various industries and
areas.
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