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ABSTRACT: The current study investigates the factors that contribute to the successful adoption of Industry 4.0 by
Chinese manufacturing organizations. The datawere collected usinga quantitative survey questionnaire givento key
informant managers. Thesample consisted of 202 complete questionnaires obtained fromfirms that had adopted one
or more Industry 4.0technologies. XGBoostwas usedto predict implementationsuccess, and SHAP was applied to
interpret the relative contribution, direction, and interaction of the predictors. The results identify supplier su pport,
pilot projects, technology competence, and top-management support as the strongest drivers of implementation
success, while compatibility has a positive but more moderate contribution and perceived complexity acts as a
constraintwhen organizational readiness is weak. Practically, the study proposes an explainable diagnostic approach
that helps managers prioritize supplier collaboration, staged piloting, workforce capability development, and
executive governance in digital-transformation programs.
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1. INTRODUCTION

Industry 4.0 refers to the integrated use of cyber-physical systems, the Industrial Internet of Things, artificial
intelligence, cloud computing, big-data analytics, and interoperable manufacturing platforms in productionand supply-
chain processes. Its adoption changes industrial decision-making from delayed, experience-based control toward real-
time, data-driven coordination. However, implementation success depends not only on technological availability butalso
on managerial commitment, workforce capability, technological infrastructure, supplier collaboration, financial
readiness, cyber-risk governance, and sustainability-oriented operating practices [1].

Even though companies have invested heavily in their digital production processes, their performance after
implementation is still inconsistent. As studies into smart factories show, companies typically have high expectations
about their productivity increases, increased stability of operations, and responsiveness, but their results may be limited
by inadequate skills, compatibility issues with legacy systems, poor datamanagement, risks related to cybersecurity, and
lack of coherent change management. This indicates that further exploration of Industry 4.0 integration should be done
using a configurational approach. [2].

The objective of this research is to assessthe critical success factors that influence effective Industry 4.0
implementation in Chinese manufacturing firms and to explain how these factors contribute individually and jointly to
adoption success. From a methodological standpoint, a quantitative questionnaire is employed, which involves the
completion by managerial key informants. After filtering, 202 comp leted questionnaires frommanufacturing enterprises
are used in the analysis. For the modeling process, XGBoost is used since this technique enables modeling non-linearity
and interactions, while for the interpretation of the results, the SHAP method is used to determine the importance,

*Correspondingauthor: marwahalseadi703@gmail.com 1
http://journal.alsalam.edu.ig/index.php/ajest


https://doi.org/10.55145/ajest.2026.05.02.001
https://orcid.org/0009-0006-1012-0833

Marwah Saad Hussein, Al-Salam Journal for Engineering and Technology Vol. 5, No. 2, (2026), p. 1-12

polarity, and interrelations betweenthe predictor variables. Therelevance of the theoretical context regarding the Chinese
manufacturingindustry relates to the country's modernization policies, suchas the Made in China 2025 policy [3].

Innovations in research have been made by combining a theoretical-based framework of adoption with an
explanation of machine learning models. Rather than considering the factors of success separately, the research looks at
the impact of all factors such as leadership, technological capability, supplier involvement, compatibility, complexity,
and pilot implementation together on successful adoption of Industry 4.0 practices. Some of the essential success factors
are discussed in detail in Table 1 below, along with their association with theindustrial scenario in China [4].

Table 1 Core factors for effective Industry 4-0 implementation inthe Chinese manufacturing context

Source: Developed by the author based on thecited Industry 4-0and Industry 5-0 literature [3]-[5].

Critical Success | Description Relevance in Chinese | Key Synergistic
Factor Manufacturing Context (Made | Combinations
in China2025)
Top Managenent | Leadership alignment, | Highest-ranked driver  for [ With technology
Support and | resource allocation, | overcoming implementation | competence or supplier
Commitment strategic vision barriers in aerospaceandadvanced | ecosystems
manufacturing

Technology IoT/Al integration | Addresses legacy system | With strong management
Competence and | capabilities, digital | challenges; central to new-type | commitment
Infrastructure maturity industrialization strategies
Employee Training [ Workforce upskilling and | Critical for mitigating talnt | Synergistic with R&D
and Skills | change-management shortages in the shift to Industry | investment and policy
Development readiness 5.0 support
Supplier and Partner | Collaborative supply- | Enables circular-economy modek | With top managenent
Support chain ecosystems and resilient value chains leadership
R&D Investmentand | Funding for technological | Core pillar of Made in China 2025 | With  human  capital
Innovation development and market | for  high-end  manufacturing | development

responsiveness leadership
Financial Capabilites | Budget allocation and | Essential for scaling initiatives | Integrated  with  risk-
and ROI Focus short-term retum | amid cost pressures management practices

expectations
Regulatory and | Policy alignment and eco- | Supports  national  carbon- | With data analytics for
Sustainability resilience neutrality goals circular processes
Compliance
Cybersecurity  and | System protection and | Addresses vulnerabilities in | Foundational to prevent
Risk Management proactive riskassessment | interconnected factories project underperformance

As indicatedin Table 1 above, success in implementation is contingent upona combination of strategic leadership,

technological proficiency, employee skills, supplier support, financial viability, cybersecurity, and sustainability. This
framework provides the basis for the subsequent research model, explaining why the adoption of Industry 4.0
technologies should be regarded as a process [5].

1.1 Research Hypotheses

Keeping in mind the objective ofthis paperand before moving further to formulate the theoretical framework, the
following hypotheses can be postulated:

H1: Thereis negative relation between the perception about technology complexity and successful implementation
of Industry 4.0

H2: There is positiverelation between the technology compatibility and successful implementation of Industry 4.0

H3: There is positive relation between the level of top-management support and successful implementation of
Industry 4.0

H4: There is positiverelation betweenthe technology competence and successful implementation of Industry 4.0

H5: There is positive relation betweenthe level of supplier support and successfulimplementation of Industry 4.0

H6: There is positive relation between the extent of usage of pilot projects and successful implementation of Industry
4.0.
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2. Literature Review

The available research evidence on the dynamics of the fourth industrial revolution can be organized into distinct
groups. Ascanbe seenfromthe reading, the processof adopting newtechnologies is nota purely technical activity. It is
a complexsystemcomprising various interconnected elements such as sets of technologies, methods, competencies, and
external relationships which, through their combined use, allow the company to obtain maximum benefit from the
available digital capabilities. These capabilities are grouped into three major categories which include: Industry 40
Technologies, theoretical constructs related to the processes of adoption, and the results related to evidence of success
factors andbarriers [6].

2.1 Industry 4.0 Technologies: Foundations and Variations

Industry 4.0 represents a collection of various technologies that are complementary to one another and allow the
connection of physical objects with elements that control and process information. Such technologies include those
related to the Internetof Things (loT) for machine interaction and monitoring in real-time or close to real-time, artificial
intelligence and big-dataanalytics for predictiveand prescriptive models, cloud platforms for datastorage and processing,
and cyber-physical systems that combine computers and physical processes [7]. The technology group also comprises
additive manufacturing, robotics, extended reality (XR), blockchains, and manufacturing execution systems applicable
in the industry.

The technologies may be clustered into enablers and applications. The former comprise 10T, cloud, artificial
intelligence, and analytics for building an ecosystem of connected products and processes. Applications, in their tum,
refer to robotics, additive manufacturing, XR, virtual commissioning, and manufacturing execution systems for
leveraging opportunities offered by enablers. It is noteworthy that individual technologies per se are not sufficient for
driving organizational performance; effective transformation requires considering the readiness ofa firm and its ability
to embrace newsolutions and approaches [8].

2.2 Theoretical Frameworks: Technology-Organization-Environment (TOE) and Practice-Based View

The Technology-Organization-Environment (TOE) framework is a prominent conceptualization of innovation
adoption. It assumes thatadoption is driven by technology fit and attributes, organizational resources and receptivity, and
environmental demands such as regulations, competitive forces, and support mechanisms. Studies have applied the TOE
framework in examining the determinants of artificial intelligence, cloud computing, RFID, big -dataanalytics, and other
technologies, thus making it relevant in this study’s context of Industry 4.0[9].

The practice-based view of determinants emphasizes therole of routines in realizing adoptions conditions postulated
by the TOE framework. Pilot testing, iterative cycles, improvement routines, interdepartmental coordination, employee
training, and change management routines all reduce implementation-related uncertainties and promote organizational
learning. As such, complementing the TOE framework with a practice-based view is critical in this study because
successfuladoption and implementation of Industry 4.0require both contextual conditions and implementation routines

[9].

2.3 Factors and Barriersto Industry 4.0 Implementation

The literature highlights the difference between adoption intention and implementation success. The former refers
to the willingness to adopt an innovation. The latter means the implementation of an innovation in the practical field.
According to the research results, smart-manufacturing initiatives can produce lesser positive results if companies
experience a lack oftechnical expertise, integration capabilities, worker resistance, or inadequate leadership [10].

Prior research has used case analysis, the Delphi method, best-worst method (BWM), DEMATEL, interpretive
structural modeling (ISM), and graph-theoretic matrix techniques to identify and evaluate industry 4.0 success factors
and barriers. Table 2 below presents some empirical studies and shows that managerial support, employee competencies,
infrastructure, supplier involvement, and organizational transformation capabilities emerge as crucial factors [10].

Table 2 Selectedempirical investigations on critical success factors andbarriers to Industry 4.0 implementation

Source: Developed by the author fromthe studies cited in the table.

Investigation Technique Key CSFs Key Barriers
Pozzietal. (2021) | Multiple casestudies | Top management leadership, pilot | —
projects, continuous improvement

Moeuf et al. | Delphi Employee  training, managerial | —
(2020) presence, data utilization
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Sony etal. (2021) | Questionnaire Endorsement from senior leadership, | —
environmental stewardship focus,
change management
Ghadimi et al. | BWM — Absence of standardized
(2022) procedures, potential for financial
loss, aptitude shortages
Virmani et al. | GTMA - Administration, functional, and
(2020) manpower roadblocks
Ghobakhloo ISM Perceived benefits, financial | —
(2020) resources, employee qualifications
Karadayi-Usta ISM - Worker resistance, insufficient
(2021) supplier cooperation
James et al. | BWM/DEMATEL | - A deficit of understanding and
(2022) insufficient capabilities. (HRM
focus)
Mueller (2019) Case studies - Employee acceptance,
competency gaps
Veile etal. (2020) | Case studies Organizational culture, staff | —
development, well-being/protection
Da Silva et al. | Systematic critique | — Technological sophistication,
(2021) Inadequate infrastructure, skilled-
laborshortages

Table 2indicates that implementationdrivers cluster aroundthreerecurring areas: strategic leadership and sustained
commitment; workforce readiness and digital skills; and technological capacity for integration. The most comnon
barriers are skill shortages, legacy-system constraints, cybersecurity risks, weak supplier coordination, financial
uncertainty, and inadequate change-management routines. These drivers and barriers motivate the predictive and

interpretive analysis reported in Figure 1.

Figure 1: Global Feature Importance (SHAP Summary Plot)
Critical Success Factors for Industry 4.0 Implementation
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FIGURE 1 Global feature-importance results based on mean absolute SHAP values for critical success factorsin Industry
4-0 implementation- Source: Author’s XGBoost-SHAP analysis

While the above-discussed success factors havea broad application, their degree of significance varies according to
the institutional and industrial settings. Policy-driven measures, including Made in China 2025, affect the process of
policy alignment, funding, supply chain construction, and improvement of information infrastructures. Little evidence
has been gathered fromthe Chinese manufacturing industry concerning the relationships between policy contexs,
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technological capability, organizational readiness, and external facilitation. This paper fills the research gap through
investigating the combinations of success factors through analyzing observable cases in 202 manufacturing enterprises.

2.4 Research Gap and Study Positioning

Three gaps that emerge fromthe reviewed literature include those addressed in this study. To begin with, there are
numerous researches that have discussed the success factors of Industry 4.0 but failed to elaborate on the collective
predictive value of such factors. Secondly, several ranking and structural approaches have helped to determine the
importance of various factors but have limited application in modeling the non-linear association among adoption factors.
Finally, there is inadequate evidence in the literature concerning China’s manufacturing industry and how technology
readiness, management support, suppliers, and piloting affect adoption.

3. Research Model

In the research model that will be suggested, the technology -organization-environment (TOE) framework will be
used together with an implementation perspective focused on practices. The TOE approach classifies the conditions of
adoption according to three categories, namely technological, organizational, and environmental factors, whereas the
implementation perspective based on practices includes practices like piloting, change management, and continual
improvements. The inclusionofboth perspectives into the analysis provides the ability to evaluate the interaction effects
of various factors on Industry 4.0 implementations.

The dependent variable would be successfuladoption of the technologies of Industry 4.0. The concept is measured
using a multiple-item, five-point Likert scale that assesses the impact on operational efficiency, product quality, process
flexibility, innovative capabilities, and sustainability. These constructs measure the degreeto which digital technologies
have beenadopted for use in operations [11].

The variables are classified using the TOE framework, with one extra practice-based variable. Table 3 gives the
variables, their definitions, measurement, and the direction of their influence. Table 3 also shows how the hypotheses
formulated in Section 1.1 relate to the empirical model.

Table 3 Variables inthe research model

Source: Developed by the author based on theextended TOE framework and practice-based implementation
assumptions [9], [11].

Category Variable Definition Measurement (5-point | Anticipated
Likertscale) Influence
Technological Complexity Perceived difficulty in | ltems adapted from | Negative
understanding and integrating | established IT adoption
Industry 4.0technologies scales
Technological Compatibility Extent to which Industry 40 | Items assessing fit with | Positive
technologies correspond with | current operations
current systems, principles, and
procedures
Organizational Top Management | Leadership commitment, | Items on financial, | Positive
Support resource  allocation, and | political, and cultural
strategic vision backing
Organizational Technology Workforce skills, knowledge, | Items on training levek | Positive
Competence and infrastructural readiness and digital maturity
Environmental SupplierSupport | External technical assistance, | Items on partnership | Positive
training, and collaborative | quality and support
infrastructure  provided by | intensity
suppliers
Practice-based Pilot Projects Extent of small-scale testing | Items on frequency and | Positive
and iterative deployment to | outcomes of  pilot
reduce risk initiatives

Control variables include firmsize (number of employees), ownership (state vs. private), and industry sub-sector.
These variables were selected as they may moderate the association between Industry 4-0 indicators and outcores in
Chinese manufacturers.
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3.1 Operationalization of the Hypotheses

Althoughthecurrent study uses a prediction machine-learning algorithm, the input variables were determined based
on the hypothesized relationships between the independent and dependent variables, stated in detail in Section 1-1. Thus,
the current research applies SHAP as an interpretative tool to explain the margin contribution of each variable and
interaction effects in the XGBoost model [12].

In essence, the study used hypotheses as a theoretical basis to interpret the results rather than prove the suggested
relationships and mechanisms. Indeed, theresearch willapply the fit algorithmto predictthe output variable while using
SHAP values to explain the link between inputand output data [13].

Specifically, the algorithmwill help determine the interdependency level of input features and their contribution to
the final outcome. The choice of this instrument aligns with the study’s objective to identify the most plausiblke
combinations of factors associated with the successful implementation of the digital transformation initiatives. As a result,
the conceptual framework will incorporate both predictive and managerial elements that can guide evidence-based
decision-making in practice instead of promoting digital-transformation rhetoric [14].

4. Methodology and Data

The study utilizes quantitative methods of data analysis, using a questionnaire with structured questions to collect
data from managers working in manufacturing companies. The analysis is based on the use oftwo tools: XGBoost, for
developing a predictivemodel, and SHAP, forexplaining the model. XGBoost is preferred because it employs gradient-
boostedtrees that can analyze and explain nonlinear interactions among several success factors [15]. The use of SHAP
helps explain the impact of the factors considered in the prediction ofthe dependentvariable [16], [17]. Figure 2 shows
the procedure.

Figure 2. Methodological workflow for the XGBoost-SHAP adoption analysis

Key-informant survey
(China, Dec. 2021-

Screening and
complete cases
(n = 202)

Questionnaire design

and pre-testing early 2022)

a a and 5-fold and managerial
70%/30% cross-validation prioritisation

Train/test split | ‘ XGBoost modelling | ‘ SHAP explanation

FIGURE 2 Methodological workflow for the XGBoost-SHAP adoption analysis- Source: Developed by the author to clarify
the methodological procedure
4.1 Data Collection

Data collection was conducted from December 2021 to January 2022 by utilizing a survey that was sent online
through professional WeChat groups to management personnel within China’s manufacturing industry. The research
employed key-informant purposive sampling because it was necessary for the selected individuals to have first-hand
information on digital transformations. Those eligible to take part in the survey were CEOs, digital-transformation
managers, manufacturing managers, and technology managers [18].

The instrumentwent through pre-testing in two stages. In the first stage, sixtop manufacturing managers evaluated
the validity, relevance, and face value of the instrument. In the second stage, three experts specializing in technology
adoption and operations management validated the instrument’s measures. The final instrument comprised three parts:
respondents’ and firms’ characteristics; yes/no questions on whether there is a certain technology belonging to the
Industry 4.0 category; and a 5-point Likert scale measure, from 1 (“strongly disagree”) to 5 (“strongly agree”), on the
success factorsand implementation success. Only those firms that had no Industry 4.0 technologies were excluded. Out
of 396 questionnaires sent out, 202 were used in the study [19-20].
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4.2 Sample Characteristics

The last sample was composed of 202 manufacturing companies representing various industries. The majority are
machinery manufacturers, followed by automobile, electronics, aviation, and other types of manufacturing companies.
In terms of size, large firms employing more than 2000 people accounted for a bigger part of the sample compared to
firms of other sizes. Interviewees held chief executive positions in their companies, or responsible positions for digital
transformation, operations, or technology management[21]. The respondent profile is presentedin Table 4 below.

Table 4 Sample characteristics of the surveyed manufacturing firms

DIMENSION CATEGORY APPROXIMATE SHARE (%)
Industrial sector Machinery 35.1
Industrial sector Automotive 19.8
Industrial sector Electronics 15.3
Industrial sector Aviation 12.9
Industrial sector Other manufacturing activities 16.9
Firm size More than 2,000employees 48.0
Firm size 500-1,999 employees 25.0
Firm size Fewerthan 500 employees 27.0
Respondentrole Chief executive officer 18.3
Respondentrole Digital-transformation manager 27.2
Respondentrole Production/operations manager 19.8
Respondentrole Technology/IT manager 124
Respondentrole Other managerial functions 22.3

Source: Author’s survey dataand sample-screening procedure.

This sample represents a number of significant sectors in Chinese manufacturing. However, there is a greater
representation of bigger companies since these entities tend to employ Industry 4.0 techniques more often than small
businesses. To testfor common methodbias, Harman’s one-factor test was performed. The leading factorexplained less
than one-third of the total variance, suggesting that common-method variance did not materially distort the measurement
model [22].

4.3 Measurementand Validity

The constructs were measured using multi-item scales adapted from established research on Industry 4.0,
information-systems adoption, and advanced manufacturing. Table 5 reports the reliability and validity indicators.
Cronbach’s alpha values ranged from 0.778 to 0.895, exceeding the accepted 0.70 threshold. Composite reliability
exceeded 0.82 for all constructs, and average variance extracted (AVE) values were above 0.50, supporting convergent
validity. Discriminant validity was also supported because the square root of each construct’s AVE exceeded its
correlations with other constructs [23].

Table 5 Measurement-scale reliability and validity metrics

Source: Author’s measurement-model outputs.

Construct No. of | Sample Item Cronbach’s o | AVE | CR
Items

Complexity 3 “Technologies are hard to integrate” 0.813 0.592 | 0.813

Compatibility 3 “Compatible with existing | 0.852 0.659 | 0.852
software/hardware”

Top Managenent | 3 “Active interest fromexecutives” 0.832 0.623 | 0.832

Support

Technology Competence | 4 “Better technical skills than competitors” | 0.878 0.643 | 0.878

Supplier Support 4 “Adequate technical support from | 0.895 0.682 | 0.895
suppliers”

Pilot Projects 4 “Pilot project before full | 0.864 0.615 | 0.864
implementation”

Implementation Success | 4 “Improved operational efficiency” 0.778 0.538 | 0.823
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4.4 Data Analysis Procedure

The datawas randomly splitintoatraining set (70%) and a test set(30%). The algorithmused was XGBoost, which
was applied for both regression (predicting implementation-success scores) and classification (predicting higher/lower
implementation success). Hyperparameters were optimized using five-fold cross-validation onthe training set. The search
grid included learning rates (0.01-0.30), tree depths (3-10), the number of estimators (50-200), and subsample sizes (0.6-
1). For evaluation, mean absolute errorand root mean squared error were used for the regression task and accuracy and
area underthe curve (AUC) for the classification task [24].

The interpretability of the final model was achieved using the SHAP (SHapley Additive exPlanations) framework
via TreeBExplainer. First, global explanations were generated to evaluate therelative importance of all predictors. Second,
dependence plots were used to understand how the most important predictors affect model predictions (approximately
linear relationships). Third, interactions between important predictors were explored using SHAP interaction values. This
process helped relate the predictive power of each managerial practice to its impact on the implementation of Industry
4.0 solutions [25].

5. Results and Discussion

The XGBoost-SHAP analysis provides an interpretable ranking of the factors associated with successful Industry
4.0 implementation. The SHAP summary in Figure 1 shows that supplier support makes the largest mean absolute
contribution to implementation-success prediction, and then followed by pilot projects, technology competence, top
management commitment, compatibility, and perceived complexity. Figure 3shows the predictive power of the XGBoost

model, whereas Figure 4 presents the interaction between supplier support and technology competence. Table 6 ranks
the SHAP values according to their managerial significance.

Figure 3: XGBoost Model Performance Evaluation
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Figure 4: SHAP Interaction Plot
Synergistic Effect of Supplier Support and Technology Competence
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Table 6 SHAP-based ranking and managerial interpretation of critical success factors

Rank Factor Mean SHAP value Interpretation Managerial
priority

1 Suppliersupport 0.350 Strongest Strengthensupplier
contributionto training, technical
predicted assistance, and
implementation collaborative
SUCCess integration

2 Pilot projects 0.280 Major practice-based | Use staged pilots
mechanismfor before full-scale
reducing deployment
implementation
uncertainty

3 Technology 0.250 Key organizational | Investinworkforce

competence capability for skills and digital

integratingand infrastructure
exploiting digital
systems

4 Top-management 0.220 Strategic enablerof | Secure executive

support resourceallocation | sponsorship and

and organizational cross-functional
commitment governance

5 Compatibility 0.150 Moderate Assess legacy-
contributionthrough | systemfitand
fit with existing integration
systems and requirements
processes

6 Complexity 0.120 Constraining factor | Simplify
when learning implementation
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burden and roadmaps and reduce
integrationdifficulty | technicaluncertainty
increase

Source: Author’s XGBoost-SHAP analysis based on the feature-importance values reported in Figure 1.

As shown in the above findings, it should be clear that there isn’t one dominating factor contributing towards the
implementation of Industry 4.0. The reason why supplier supportis rated number one is due tothe fact that Industry 40
implementation involves the integration and configuration of technology through suppliers as wellas learning provided
by suppliers. The second most important factor is pilot projects since they enable organizations to test technologies
without fully implementing them.

The technical proficiency can be attributed to the internal capability to comprehend, utilize, and maintain Industry
4.0 technologies, while the support from top management provides direction, allocation of resources, and commitrent
from different parts of the organization. The compatibility factor also has a positive relationship with the adoption of
Industry 4.0but has a lower mean SHAP score compared to supplier support, piloting activities, technology competence,
and top managementsupport.

Despite having the lowestmean absolute SHAP value compared to other factors, the expected impact of complexty
is still theoretically significantbecause high levels of perceived complexity may prevent theimple mentation of projects
if the organizations lack readiness, skills of employees, or help from suppliers. Complexity can thus be considered less
as adetermining factor butmore of arisky situation forimplementation.

Overall, the findings support H2, H3, H4, H5, and H6 because compatibility, top-management support, technology
competence, supplier support, and pilot projects show positive contributions to implementation success. H1 is alko
supported because the perceived complexity was conceptualized as a constraint that could decrease the likelihood of
successful implementation if the readiness was low.

This study contributes to Industry 4.0 adoption process understanding by providing evidence that successful
transformation hinges upon thecombined influence of external support, sequenced decision, organizational capabilities,
managerial support, and technological configuration.

6. Conclusion

This study proposed an explainable machine-learning model which demonstrated industry-specific critical success
factors (CSFs) for implementing Industry 4.0. By conceptualizing the Technology-Organization-Environment (TOE)
framework within a practice-based implementation theory and employing the interpretative XGBoost-SHAP analysis of
the survey data, this researchrevealed thatimplementation success was achieved through the combined influence of a set
of success factors, namely supplier support, pilot projects, technology competence, and top-management commitment,
with compatibility being positively associated, whereas complexity was negatively related.

This study contributes to academic research by advancing a nuanced understanding of implementing disruptive
technologies in a complexcontext of large-scale manufacturing organizations. It challenged the prevailing notion of CSFs
as independent phenomena by illustrating that successful digital transformation requires a systemic view where
technology-specific, organizational, and external implementation factors converge and strengthen each other. This work
also highlights the particular significance of creating an adequate environmentfor disruptive technology implementation
within the broader framework of TOE theory.

Formanagerial practice, this research offers actionable insights concerning the critical success factors for technology
adoption. Implementing disruptive technologies such as Industry 4.0is a highly involved process, and this study assists
managers in prioritizing processes which are critical to project success, suchas securing upper-layer managerial support,
engaging suppliers in the implementation process, developing employees’ technology -specific competencies, adopting
an evolutionary approach to technology implementation, and considering technology compatibility with the
organization’s environment.

Furthermore, the results of this study can serve as the basis for further research concerning the transition from
Industry 4.0to Industry 5.0, wherein people-centric manufacturing is likely to play a biggerrole. Explainable analytics
can assist in this process by facilitating alignment of digital strategies with business goals.

the paper shows how explainable machine learning can contribute towards evidence-based decision-making when
implementing Industry 4.0. By employing the XGBoost-SHAP approach, organizations can benefit fromprediction and
explanations which make it possible for them to transition from talk about digital transformation to actionable
implementation strategies.
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