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ABSTRACT 

Artificial Intelligence (AI)-enabled Smart Supply Chain Management (SSCM) systems are increasingly 

implemented within manufacturing organizations to enhance operational efficiency and strategic decision-

making. While perceived risk is widely recognized as a deterrent in technology adoption research, its explanatory 

role in institutionalized business-to-business (B2B) environments remains under-theorized. This study 

investigates the determinants of AI-enabled SSCM system usage among Malaysian manufacturing firms, 

focusing on Effort Expectancy, Technology Readiness, Trust, and Perceived Risk. Using survey data from 308 

manufacturing professionals, Partial Least Squares Structural Equation Modelling (PLS-SEM) was employed to 

test the proposed relationships. To complement explanatory modelling, machine learning techniques including 

Extreme Gradient Boosting (XGBoost) and Artificial Neural Networks (ANN) were applied to assess predictive 

capability. The results indicate that Effort Expectancy, Technology Readiness, and Trust significantly influence 

SSCM usage behaviour, whereas Perceived Risk does not exhibit a significant effect. Drawing on institutional 

theory and organizational risk absorption perspectives, the findings suggest that governance mechanisms and 

formal safeguards attenuate the behavioural impact of perceived uncertainty in B2B contexts. This study 

contributes theoretically by identifying an institutional boundary condition of perceived risk in AI adoption and 

methodologically by integrating SEM with validated predictive AI modelling. 

INTRODUCTION 

The rapid advancement of Artificial Intelligence (AI) technologies has significantly transformed supply chain 

operations by enabling real-time data analytics, predictive decision-making, and enhanced operational efficiency. 

In recent years, Smart Supply Chain Management (SSCM) systems have emerged as an important technological 

innovation that integrates intelligent analytics platforms with human decision-making processes to improve 

supply chain visibility, responsiveness, and coordination within manufacturing organizations. Despite the 

potential benefits of SSCM implementation, the adoption of intelligent supply chain systems remains influenced 

by behavioural and organizational factors, particularly in high-stakes business-to-business (B2B) environments 

where operational decisions are complex and resource-intensive. 

Perceived risk has traditionally been identified as a critical determinant of technology adoption in both consumer 

and organizational information systems research. Technology adoption models such as the Unified Theory of 

Acceptance and Use of Technology (UTAUT2) suggest that risk-related perceptions may influence users’ 

willingness to accept and utilize new technological systems. However, while perceived risk has been extensively 

examined in consumer-oriented technology adoption contexts, its role in the adoption of AI-enabled systems 

within B2B manufacturing environments remains comparatively under-theorized. In organizational supply chain 

settings, technology adoption decisions are often collective in nature and supported by formal institutional 

mechanisms such as governance policies, vendor agreements, and implementation safeguards, which may reduce 

the influence of individual perceptions of technological risk. 

Although prior studies have incorporated perceived risk into extended UTAUT and digital adoption frameworks, 

limited research has examined whether risk perceptions retain explanatory power in institutionalized B2B 

http://www.rsisinternational.org/
https://dx.doi.org/10.47772/IJRISS.2026.10200346


INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN SOCIAL SCIENCE (IJRISS) 

ISSN No. 2454-6186 | DOI: 10.47772/IJRISS | Volume X Issue II February 2026 
 

Page 4724 

www.rsisinternational.org 

 

  

 

manufacturing environments characterized by formal governance structures and collective decision-making 

processes. This study addresses this gap by theoretically reinterpreting the role of perceived risk through 

institutional and organizational risk absorption lenses, thereby extending adoption theory beyond individual 

cognition toward structurally embedded organizational contexts. 

This study aims to examine the determinants influencing SSCM system usage behaviour among Malaysian 

manufacturing firms. Using survey data obtained from 308 manufacturing organizations, this study investigates 

whether perceived risk significantly influences SSCM adoption alongside other behavioural determinants, 

including Effort Expectancy, Technology Readiness, and Trust. 

Theoretical Background and Hypotheses 

Smart Supply Chain Management Adoption in Manufacturing Organizations 

Smart Supply Chain Management (SSCM) systems represent a technological advancement that integrates digital 

platforms, analytics tools, and decision-support mechanisms to enhance operational efficiency within 

manufacturing supply chains. In organizational environments, SSCM adoption involves the interaction between 

technological capabilities and human decision-making processes. Therefore, the successful implementation of 

SSCM systems is not determined solely by technical performance but also by users’ perceptions of system 

usability, organizational preparedness, and confidence in technological reliability. These behavioural and 

organizational factors may significantly influence employees’ willingness to utilize intelligent supply chain 

systems in operational contexts. 

Within manufacturing firms, SSCM adoption decisions are typically guided by structured implementation 

processes and supported by institutional governance mechanisms. As such, adoption behaviour may be shaped 

by organizational readiness, perceived system effectiveness, and trust in technological performance rather than 

by individual attitudes alone. Understanding these determinants is essential in explaining how manufacturing 

organizations respond to the integration of AI-enabled supply chain technologies and how such perceptions 

translate into sustained system usage behaviour. 

The Role of Perceived Risk in Technology Adoption 

Perceived risk has been widely recognized as a potential barrier to technology adoption in both consumer and 

organizational information systems research. Previous studies have identified several dimensions of perceived 

risk, including performance risk, financial risk, privacy risk, and security risk, which may negatively influence 

users’ willingness to adopt new technological systems. Perceived uncertainty regarding system reliability or 

implementation costs may therefore reduce user confidence in technology utilization. 

In institutionalized B2B manufacturing environments, risk associated with technological implementation is often 

redistributed and absorbed through governance mechanisms, contractual agreements, and structured oversight 

committees. Institutional theory posits that organizational behaviour is shaped by regulative, normative, and 

cognitive structures that reduce uncertainty through standardized practices. Within such contexts, risk is not 

evaluated solely at the individual cognitive level but is embedded within organizational control systems. This 

suggests that perceived technological risk may be attenuated through formal safeguards, thereby reducing its 

behavioural impact on system usage decisions. 

However, in professional environments such as manufacturing supply chains, risks associated with technology 

implementation are often managed through formal organizational mechanisms, including vendor agreements, 

implementation policies, and risk mitigation strategies. These institutional practices may reduce the influence of 

individual perceptions of technological risk on SSCM system usage behaviour. Consequently, the effect of 

perceived risk on SSCM adoption within manufacturing firms may be less pronounced compared to consumer-

oriented technology adoption contexts, thereby highlighting the importance of examining other behavioural 

determinants influencing usage behaviour. 
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Hypothesis Development 

Technology adoption models such as the Unified Theory of Acceptance and Use of Technology (UTAUT2) 

emphasize the importance of usability perceptions in influencing system acceptance. Effort Expectancy (EE) 

reflects the perceived ease of use associated with technological systems, which may facilitate user acceptance 

by reducing implementation complexity and required training efforts. Systems that are perceived as intuitive and 

user-friendly are more likely to be accepted by operational personnel within manufacturing organizations. 

Technology Readiness (TR) represents the organizational capability to implement and utilize technological 

systems effectively. Firms that possess adequate infrastructure support, skilled personnel, and implementation 

experience may demonstrate greater readiness to integrate SSCM systems into operational processes. 

Organizational preparedness may therefore contribute positively to SSCM system usage behaviour. 

Trust (T) refers to users’ confidence in the reliability and effectiveness of intelligent technological systems. In 

manufacturing environments, trust in system performance may influence employees’ willingness to utilize AI-

enabled SSCM platforms in operational decision-making processes. Higher levels of perceived trust may 

enhance acceptance and encourage sustained system usage behaviour. 

Conversely, Perceived Risk (PR) may negatively influence technology adoption by increasing uncertainty 

regarding system performance and implementation outcomes. However, in organizational environments where 

risk management practices are institutionalized, the influence of perceived risk on SSCM system usage 

behaviour may be reduced due to the presence of formal governance mechanisms and implementation 

safeguards. 

In addition to explanatory modelling, predictive modelling techniques have increasingly been applied in 

technology adoption research to evaluate the predictive capability of behavioural determinants on system usage 

outcomes. Artificial intelligence (AI)-based models such as Extreme Gradient Boosting (XGBoost) and Artificial 

Neural Networks (ANN) are capable of capturing nonlinear relationships among adoption-related constructs. 

Therefore, it is expected that Effort Expectancy, Technology Readiness, Trust, and Perceived Risk may 

collectively contribute to the prediction of SSCM system usage behaviour. 

Based on the above arguments, the following hypotheses are proposed: 

H1: Effort Expectancy has a significant positive effect on SSCM system usage behaviour. 

H2: Technology Readiness has a significant positive effect on SSCM system usage behaviour. 

H3: Trust has a significant positive effect on SSCM system usage behaviour. 

H4: Perceived Risk has a significant negative effect on SSCM system usage behaviour. 

H5: AI-based predictive models can accurately predict SSCM system usage behaviour using Effort Expectancy, 

Technology Readiness, Trust, and Perceived Risk as input variables. 

METHODOLOGY 

Data Collection and Sampling Technique 

This study adopts a quantitative cross-sectional survey design to examine the determinants influencing the 

adoption of Artificial Intelligence (AI)-enabled Smart Supply Chain Management (SSCM) systems among 

manufacturing firms in Malaysia. A purposive sampling technique was employed to ensure that respondents 

possessed relevant experience in supply chain operations, technology implementation, or organizational 

decision-making processes within manufacturing environments. 

A total of 500 structured questionnaires were distributed to professionals working in manufacturing 

organizations across various industry sub-sectors. Out of the distributed questionnaires, 308 valid responses were 
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received and used for further analysis, representing a response rate of 61.6%. The respondents consisted of 

supply chain managers, logistics executives, operations managers, IT personnel, and procurement officers who 

were directly involved in SSCM-related processes. 

The participating firms varied in size, including small and medium-sized enterprises as well as large 

manufacturing organizations operating in sectors such as electronics, automotive, food processing, and industrial 

manufacturing. The professional involvement of respondents ensured the contextual relevance of the collected 

data for assessing SSCM system usage behaviour. 

Measurement of Constructs 

All constructs included in this study were measured using multiple-item scales adapted from established 

technology adoption literature. Effort Expectancy items were adapted from Venkatesh et al. (2012), while 

Technology Readiness was measured based on the Technology Readiness Index developed by Parasuraman 

(2000). Trust-related items were adapted from Gefen et al. (2003) and McKnight et al. (2002), whereas Perceived 

Risk items were adapted from Featherman and Pavlou (2003). 

All measurement items were assessed using a five-point Likert scale ranging from 1 (strongly disagree) to 5 

(strongly agree). SSCM system Usage Behaviour was measured based on respondents’ reported frequency of 

system utilization in operational supply chain decision-making processes. 

Measurement Model Evaluation 

The measurement model was evaluated using Partial Least Squares Structural Equation Modelling (PLS-SEM) 

to assess the reliability and validity of the constructs included in the proposed research framework. Internal 

consistency reliability was examined using Cronbach’s Alpha and Composite Reliability values. All constructs 

exceeded the recommended reliability threshold of 0.70, indicating satisfactory internal consistency. 

Convergent validity was assessed using the Average Variance Extracted (AVE) values, which exceeded the 

minimum threshold of 0.50 for all constructs. Discriminant validity was evaluated using the Fornell–Larcker 

criterion, which confirmed that the square root of AVE for each construct was greater than its correlations with 

other constructs. 

Common Method Bias Assessment 

Given that the study relies on self-reported survey data, both procedural and statistical remedies were applied to 

mitigate potential common method bias. Procedurally, respondent anonymity was assured, and item wording 

was refined to reduce ambiguity and evaluation apprehension. Statistically, Harman’s single-factor test was 

conducted using exploratory factor analysis. The first unrotated factor accounted for 34.2% of the total variance, 

which is below the 50% threshold commonly used to indicate serious common method bias. These results 

suggest that common method bias does not pose a significant threat to the validity of the findings. 

Structural Model Assessment 

The structural relationships among Effort Expectancy (EE), Technology Readiness (TR), Trust (T), Perceived 

Risk (PR), and SSCM system Usage Behaviour (UB) were examined using PLS-SEM. This approach was 

selected due to its suitability for predictive and exploratory research models involving multiple latent constructs. 

The structural model was evaluated based on path coefficients, coefficient of determination (R²), and predictive 

relevance (Q²) value 

AI-Based Predictive Modelling 

To enhance predictive rigor, the dataset was randomly divided into training (70%) and testing (30%) subsets. 

Model performance was evaluated on unseen test data to ensure out-of-sample validation. For the XGBoost 

model, hyperparameters including learning rate, maximum tree depth, and number of estimators were optimized 

using grid search with 5-fold cross-validation. Early stopping criteria were applied to prevent overfitting. 
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Similarly, the ANN model was implemented using a feedforward multilayer perceptron architecture. The model 

was trained using 5-fold cross-validation with dropout regularization (0.2 rate) applied between hidden layers to 

mitigate overfitting risk. The Adam optimizer was employed with a learning rate of 0.001. Model performance 

was evaluated using R², RMSE, and Mean Absolute Error (MAE) on the test dataset. 

RESULTS 

Descriptive Statistics 

Table 1 presents the descriptive statistics for the study constructs, including Effort Expectancy (EE), Technology 

Readiness (TR), Trust (T), Perceived Risk (PR), and SSCM system Usage Behaviour (UB). The results indicate 

that respondents generally reported moderate to high levels of Effort Expectancy, Technology Readiness, Trust, 

and SSCM system usage behaviour. 

Table 1: Descriptive Statistics of Study Constructs 

Construct Mean Standard Deviation 

Effort Expectancy (EE) 3.84 0.67 

Technology Readiness (TR) 3.76 0.71 

Trust (T) 3.91 0.63 

Perceived Risk (PR) 2.98 0.74 

Usage Behaviour (UB) 3.88 0.69 

Structural Model Evaluation  

The structural model was assessed using Partial Least Squares Structural Equation Modelling (PLS-SEM) to 

examine the relationships between Effort Expectancy (EE), Technology Readiness (TR), Trust (T), Perceived 

Risk (PR), and SSCM system Usage Behaviour (UB). The path coefficient results indicate that Effort Expectancy 

has a significant positive effect on SSCM system usage behaviour (β = 0.224, p = 0.001), thus supporting H1. 

Similarly, Technology Readiness demonstrates a significant positive influence on SSCM system usage behaviour 

(β = 0.218, p = 0.006), providing support for H2. Trust is also found to significantly influence SSCM system 

usage behaviour (β = 0.151, p = 0.017), thereby supporting H3.  

However, the effect of Perceived Risk on SSCM system usage behaviour is not statistically significant (β = 

0.086, p = 0.143). Therefore, H4 is not supported. Although theory predicts a negative relationship between 

perceived uncertainty and technology usage, the findings suggest that perceived risk does not function as a 

decisive deterrent in institutionalized manufacturing environments. This suggests that other drivers, such as 

Technology Readiness and Trust, carry significantly more weight in the decision-making process of 

manufacturing firms 

These findings suggest that usability, organizational readiness, and trust play more substantial roles in 

influencing SSCM system usage behaviour compared to perceived technological risk within manufacturing 

environments. 

Predictive Relevance of the Structural Model 

The predictive relevance of the structural model was evaluated using the Stone–Geisser’s Q²predict value. The 

Q²predict value for SSCM system usage behaviour was recorded at 0.284, indicating satisfactory predictive 

relevance of the model. This result suggests that the independent variables included in the model demonstrate 
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adequate predictive capability in explaining SSCM system usage behaviour among Malaysian manufacturing 

firms. 

AI-Based Predictive Analysis 

To complement the explanatory findings obtained through Partial Least Squares Structural Equation Modelling 

(PLS-SEM), artificial intelligence (AI)-based predictive models were developed to evaluate the predictive 

capability of Effort Expectancy (EE), Technology Readiness (TR), Trust (T), and Perceived Risk (PR) on SSCM 

system Usage Behaviour (UB). 

Two predictive modelling approaches were implemented, namely Extreme Gradient Boosting (XGBoost) and 

Artificial Neural Networks (ANN). The performance of the predictive models was evaluated using the coefficient 

of determination (R²), Root Mean Square Error (RMSE), and classification accuracy. The results are presented 

in Table 2. 

Table 2: Performance of AI-Based Predictive Models 

Model R² RMSE Accuracy (%) 

XGBoost 0.742 0.298 83.7 

ANN 0.769 0.285 85.2 

The results indicate that both predictive models achieved high levels of accuracy in predicting SSCM system 

usage behaviour, with the ANN model slightly outperforming the XGBoost model in terms of R² and RMSE 

values. These findings support H5 and suggest that behavioural determinants such as usability, organizational 

readiness, and trust contribute substantially to the prediction of SSCM system usage behaviour, whereas 

perceived risk demonstrates a comparatively minimal contribution. 

Table 3 presents the relative feature importance scores obtained from the XGBoost model in predicting SSCM 

system usage behaviour based on the survey responses collected from 308 Malaysian manufacturing firms. 

Table 3: Feature Importance Based on XGBoost Model 

Predictor Importance Score 

Technology Readiness (TR) 0.36 

Effort Expectancy (EE) 0.29 

Trust (T) 0.24 

Perceived Risk (PR) 0.11 

The results indicate that Technology Readiness contributes most substantially to the prediction of SSCM system 

usage behaviour, followed by Effort Expectancy and Trust. In contrast, Perceived Risk demonstrates the lowest 

relative contribution among the predictors. This finding is consistent with the structural model results, which 

indicate that Perceived Risk does not significantly influence SSCM system usage behaviour. 

Figure 1 illustrates the relative importance of Effort Expectancy, Technology Readiness, Trust, and Perceived 

Risk in predicting SSCM system usage behaviour using the XGBoost model.  
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Figure 1: Relative Feature Importance of Predictors Based on XGBoost Model 

Figure 2 presents the relationship between observed and predicted SSCM system usage behaviour based on the 

ANN and XGBoost models. The close alignment of predicted values with the reference line indicates satisfactory 

predictive performance of both models in estimating SSCM system usage behaviour among Malaysian 

manufacturing firms. 

 

Figure 2: Observed versus Predicted SSCM System Usage Behaviour Based on AI Models 

To assess the predictive power of the proposed model, the study employed a dual-model AI approach. Figure 1 

illustrates the relative feature importance derived from the XGBoost algorithm, identifying Technology 

Readiness (0.36) and Effort Expectancy (0.29) as the primary determinants of usage. Furthermore, the predictive 

accuracy was validated through a comparison of observed versus predicted values (Figure 2). The high degree 

of alignment along the 45-degree reference line (y = x) and the high coefficient of determination (R2 = 0.769) 

confirm the model’s robustness in predicting AI-enabled SSCM adoption within the Malaysian manufacturing 

context. 

DISCUSSION 

The findings of this study indicate that Effort Expectancy, Technology Readiness, and Trust significantly 

influence the usage behaviour of AI-enabled Smart Supply Chain Management (SSCM) systems within 

manufacturing organizations. These results suggest that organizational readiness and perceived usability play a 

more prominent role in shaping adoption decisions compared to individual perceptions of technological risk. In 
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operational environments where supply chain decisions involve collective responsibility and institutional 

oversight, usability and preparedness may facilitate system acceptance by reducing implementation complexity 

and increasing confidence in technological integration. 

The non-significant effect of Perceived Risk can be theoretically interpreted through institutional theory and 

organizational risk absorption perspectives. In highly institutionalized B2B manufacturing environments, 

technology adoption decisions are embedded within formal governance frameworks, contractual safeguards, and 

compliance structures. These institutional mechanisms redistribute and absorb technological uncertainty at the 

organizational level, thereby reducing the salience of individual risk perceptions. 

From a risk absorption perspective, firms internalize technological uncertainty through pilot implementation 

phases, structured evaluation committees, financial buffering strategies, and vendor accountability mechanisms. 

Consequently, perceived risk does not directly translate into reduced usage behaviour because risk is collectively 

managed rather than individually borne. 

This finding extends technology adoption theory by identifying a contextual boundary condition of Perceived 

Risk. While prior consumer-oriented studies consistently report negative effects of risk on adoption behaviour, 

the present results suggest that in governance-intensive B2B environments, institutional safeguards attenuate its 

behavioural influence. Thus, adoption theory must account for structurally embedded contexts in which risk 

perceptions are neutralized through organizational mechanisms. 

Furthermore, the significant influence of Trust and Technology Readiness highlights the importance of 

organizational preparedness in facilitating SSCM adoption. Firms that invest in workforce capability 

development, infrastructure support, and implementation training may experience higher levels of system 

acceptance among operational personnel. Trust in the reliability and performance of intelligent supply chain 

systems may also strengthen user confidence, thereby supporting sustained usage behaviour in operational 

processes. 

The predictive analyses conducted using XGBoost and Artificial Neural Networks further reinforce the 

importance of usability, readiness, and trust as dominant contributors to SSCM system usage behaviour. The 

minimal contribution of Perceived Risk in the predictive models suggests that adoption challenges in 

professional supply chain environments may be more closely associated with implementation complexity and 

organizational preparedness than with perceived technological threats. 

CONCLUSION  

This study advances technology adoption theory by identifying an institutional boundary condition of Perceived 

Risk within AI-enabled supply chain environments. Whereas traditional UTAUT-based research conceptualizes 

perceived risk as a universal inhibitor of technology usage, the present findings demonstrate that in governance-

intensive B2B manufacturing contexts, institutional safeguards and organizational risk absorption mechanisms 

attenuate its behavioural effect. This theoretical refinement shifts the focus of adoption research from purely 

individual cognitive evaluations toward structurally embedded organizational contexts. Methodologically, the 

integration of PLS-SEM with cross-validated AI-based predictive modelling further strengthens the robustness 

and practical relevance of the findings. 

From a practical perspective, the results provide useful insights for managers and practitioners seeking to support 

the integration of AI-enabled SSCM technologies within manufacturing organizations. Emphasis on workforce 

readiness, implementation support, and user-friendly system design may enhance acceptance and sustained 

system usage among operational personnel. Future research may consider examining additional organizational 

or environmental factors that influence SSCM adoption across different industrial contexts. 
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