
Investigating the Impact of Circular Economy 
Strategies on Financial Performance with the 
Mediating Role of Human-Centric Sustainable 
Supply Chain Management 

Industry 5.0 has shifted attention from automation alone to the human conditions un-
der which Circular Economy Strategies (CES) create financial value. This study examines 
whether Human-Centric Sustainable Supply Chain Management (HC-SSCM) mediates the 
relationship between CES and Financial Performance (FP) in Saudi manufacturing firms. 
Data were gathered through a structured questionnaire from 240 firms and analyzed with 
a two-stage design that combined Partial Least Squares Structural Equation Modeling and 
Artificial Neural Network (ANN) analysis. The results show that CES has a positive direct as-
sociation with competitor-relative FP and a strong positive association with HC-SSCM, while 
HC-SSCM is also positively associated with Financial Performance. The indirect association 
from CES to FP through HC-SSCM is significant, with a Variance Accounted For of 47.9%, 
indicating complementary partial mediation. ANN results further show that cognitive ergo-
nomic support and human-robot collaboration are stronger predictors of self-reported FP 
than the technical circular variables alone. These findings suggest that circular strategies are 
more strongly associated with favorable financial outcomes when reverse-logistics and recov-
ery activities are supported by worker-centered decision support, collaborative technologies, 
and adaptive problem solving.
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1. Introduction

The global manufacturing landscape is currently 
undergoing a profound paradigm shift, transitioning 
from the technology-driven efficiencies of Industry 
4.0 (I4.0) toward the value-oriented principles of 
Industry 5.0 (I5.0) [1]. While the former era pri-
oritized automation, digitization, and machine-to-
machine communication to optimize output, the 
emerging I5.0 paradigm fundamentally reintroduces 
the human operator into the production ecosystem, 
emphasizing resilience, sustainability, and human-
centricity [2]. This transition is not merely a theo-
retical evolution but a critical industrial imperative 
driven by the urgent need to align economic growth 
with the United Nations Sustainable Development 
Goals [3]. As organizations face mounting pressure 
to adopt Circular Economy Strategies (CES), mov-
ing away from linear "take-make-dispose" models, the 
complexity of supply chains has increased exponen-
tially. Consequently, the ability to capitalize on these 
circular strategies financially now depends less on 
pure technological speed and more on the adaptabil-
ity and cognitive problem-solving capabilities of the 
human workforce [4], [5]. This study posits that the 
intersection of human-centricity and circularity rep-
resents an unexplored frontier for achieving superior 
Financial Performance (FP) in Sustainable Supply 
Chain Management (SSCM).

The current body of literature regarding SSCM is 
dominated by technocentric perspectives. Extensive 
research has demonstrated how digital enablers such 
as the Internet of Things (IoT) and big data analytics 
drive resource efficiency [6]. Within this domain, the 
Circular Economy (CE) has emerged as a dominant 
framework for minimizing waste through closed-
loop systems, remanufacturing, and Reverse Logis-
tics (RL) [7]-[9]. However, the relationship between 
CE adoption and corporate FP remains a subject 

of intense debate. While proponents argue that cir-
cular practices reduce material costs and open new 
revenue streams [10], a significant counter-stream 
of literature suggests that the operational complexity 
and high initial investment costs of CE often erode 
short-term profitability [11]. Furthermore, existing 
frameworks often treat the human element as a sec-
ondary factor or a source of error to be minimized by 
automation. In contrast, the nascent literature on I5.0 
argues for the Operator 5.0 concept, where technol-
ogy serves as a collaborative tool to enhance, rather 
than replace, human capabilities [12]-[14]. Despite 
this theoretical advancement, empirical studies link-
ing I5.0 human-centric practices—such as cognitive 
ergonomic support and human-robot collaboration—
directly to the financial success of circular initiatives 
are scarce. Most studies remain siloed: they either an-
alyze CE-FP links without considering human factors 
or discuss human-centricity without robust financial 
quantification. To clarify the divergent trajectories 
in the literature, Table 1 presents a typological com-
parison between the established I4.0 approaches and 
the emerging I5.0 perspectives within supply chain 
research. This comparison highlights the fundamen-
tal shift from techno-efficiency to human-resilience 
required for the next generation of industrial value 
creation.

This shift from techno-efficiency to human-re-
silience becomes analytically meaningful only when 
the human element is specified at the level of supply-
chain work design. HC-SSCM is defined here as the 
operational capability through which reverse-logistics 
and recovery work systems place worker well-being, 
judgment, learning, safety, and collaborative deci-
sion support at the center of circular execution. In 
practice, this capability appears through cognitive 
ergonomic support, human-robot collaboration, and 
adaptive problem solving in recovery flows [12]-[14], 
[18], [19]. HC-SSCM differs from human capital 
because it does not denote the stock of employee 

Feature I4.0 (Technocentric Paradigm) I5.0 (Human-Centric Paradigm) 

Primary Driver Automation, IoT, and digitization for maximum 
efficiency. Human-centricity, resilience, and sustainability. 

Role of Human Operator as a supervisor or bottleneck; focus on 
labor reduction. 

"Operator 5.0"; human-robot collaboration and 
cognitive empowerment. 

Circular Economy Focus on automated sorting and material tracking. Focus on complex decision-making in RL and repair. 

Value Proposition Cost reduction through speed and precision. Value creation through adaptability and 
personalization. 

Key Limitation Fragility during disruptions; rigid systems. High complexity in managing human-tech interfaces. 

Table 1. Typological comparison of I4.0 and I5.0 paradigms in supply chain literature [15]-[17].
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knowledge and skills in isolation. It also differs from 
organizational learning because it does not refer to 
the firm's general capacity to create, store, or trans-
fer knowledge across activities. The construct cap-
tures the way those human assets are embedded in 
recovery routines, interface design, escalation proto-
cols, and cross-functional coordination during daily 
circular operations [20]-[22]. A firm may therefore 
possess skilled employees and active learning mecha-
nisms yet still fail to convert CE strategies into finan-
cial gains if reverse-logistics work systems do not sup-
port safe judgment and rapid adaptation. Industrial 
transition settings are therefore especially suitable for 
examining how human-centric work design converts 
circular complexity into financial resilience.

This research focuses on the manufacturing sec-
tor within Saudi Arabia, a region currently undergo-
ing a massive industrial transformation under Vision 
2030. This context provides a unique "living lab" to 
observe the leapfrogging from traditional manufac-
turing to I5.0 standards. To rigorously investigate the 
identified relationships, this study employs a dual-
stage analytical approach combining Partial Least 
Squares Structural Equation Modeling (PLS-SEM) 
and Artificial Neural Network (ANN) analysis. The 
justification for this hybrid methodology is two-fold. 
First, PLS-SEM is well-suited for exploratory theory 
building in complex models with non-normal data 
distributions [23]-[25]. Second, the integration of 
ANN is essential to capture the non-linear and com-
pensatory relationships between human factors and 
financial outcomes, which linear models frequently 
miss. This methodological innovation allows for a 
more precise predictive understanding of how cogni-
tive support systems influence the bottom line. That 
operational role also clarifies why HC-SSCM can be 
examined through the Resource-Based View (RBV). 
Within circular supply chains, this capability is valu-
able because it reduces sorting and recovery errors, 
shortens exception-resolution time, and improves 
the conversion of returned materials into saleable 
output. It is relatively rare when decision-support 
routines, collaborative technologies, and worker-cen-
tered recovery design are integrated across the full 
reverse-logistics process rather than implemented as 
isolated practices. It is difficult to imitate because it 
is embedded in firm-specific workflow design, ac-
cumulated operator experience, and interaction 
routines between people and technologies. It is not 
readily substitutable because reverse flows continue 
to involve ambiguous quality states, safety trade-offs, 
and context-specific repair decisions that pure au-
tomation cannot absorb consistently [12]-[14], [18], 

[20]-[22]. Human capital and organizational learning 
remain important antecedent resources under this 
logic, but HC-SSCM is the operational capability that 
mobilizes those inputs inside circular execution. This 
framing motivates the conceptual model developed 
and tested in the present analysis.

The primary aim of this manuscript is to develop 
and validate a conceptual model that positions hu-
man-centric SSCM practices as the essential catalyst 
for unlocking the financial value of CE strategies. To 
address the identified gaps, this study investigates the 
following inquiries: How do I5.0 human-centric para-
digms influence the relationship between CE adop-
tion and corporate financial performance? specifi-
cally, does the integration of cognitive support in RL 
act as a predictor for higher cost recovery and profit-
ability? The specific objectives of this study are: (i) 
To empirically measure the impact of human-centric 
SSCM practices on the FP of manufacturing firms 
transitioning to I5.0, (ii) To analyze the mediating 
role of workforce resilience and cognitive support in 
the relationship between circular strategies and finan-
cial outcomes, (iii) To evaluate the predictive validity 
of the proposed model using a hybrid PLS-SEM and 
ANN approach, thereby identifying non-linear deter-
minants of profitability.

2. Methodology

2.1 Research Design and Study Location

To rigorously address the research objectives 
regarding the intersection of I5.0 paradigms, CES, 
and FP, this study employed a quantitative, cross-sec-
tional research design. This approach was selected 
to capture a snapshot of the current industrial transi-
tion within the Kingdom of Saudi Arabia, a region 
currently undergoing rapid economic diversification 
under the Vision 2030 framework. The specific study 
locations were strategically selected to represent the 
industrial core of the nation, focusing on the primary 
industrial cities managed by the Saudi Authority for 
Industrial Cities and Technology Zones (MODON). 
These included Jubail Industrial City, Yanbu, Riyadh 
(specifically the Second Industrial City), and Dam-
mam. These regions were chosen due to their high 
concentration of manufacturing firms transitioning 
from heavy petrochemical dependence toward ad-
vanced manufacturing and SSCM practices.

The epistemological stance of this research fol-
lows a positivist paradigm and separates explanation 
from prediction. Phase one employed PLS-SEM 
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to validate the reflective measurement model, test 
the theorized direct and indirect associations, and 
estimate latent variable scores under distributional 
conditions that fit exploratory, prediction-oriented 
models [23]-[25]. Phase two then used ANN analysis 
only after the measurement and structural relations 
had been established. This sequence was selected 
because the study required both latent-variable the-
ory testing and a flexible prediction stage capable of 
capturing non-compensatory and non-linear patterns 
among the validated feature domains. Generalized 
structured component analysis and Bayesian SEM 
remain important alternatives for modeling complex 
relationships, but the present objective was not to 
replace latent-variable estimation with a single inte-
grated estimator. The objective was to preserve mea-
surement validity and mediation testing in the first 
stage, then assess whether the retained circular and 
human-centric domains showed additional non-lin-
ear predictive strength in the second stage [23]-[25]. 
The cross-sectional design supports theory-consistent 
association testing rather than strict causal identifica-
tion, so the directional ordering of CES, HC-SSCM, 
and FP is justified by the implementation logic of 
circular operations, in which strategic design choices 
precede work-system adaptation and financial out-
comes. Overfitting risk in the ANN stage was man-
aged through ten-fold cross-validation and compari-
son of training and testing Root Mean Square Error 
across folds.

2.2 Sampling Strategy and Participant 
Recruitment

The target population comprised operational 
managers, supply chain directors, and industrial en-
gineers working within medium-to-large-scale manu-
facturing enterprises in the identified Saudi regions. 
To ensure the representativeness of the sample and 
minimize selection bias, a stratified random sampling 
technique was utilized. The strata were defined based 
on industrial sectors critical to the circular economy, 
including electronics, automotive assembly, construc-
tion materials, and packaging.

The determination of the minimum required 
sample size was conducted using an a priori power 
analysis to ensure sufficient statistical power to detect 
medium effect sizes. However, to account for the as-
ymptotic consistency required by PLS-SEM and the 
training data requirements for ANN, a more rigorous 
calculation was applied. The sample size was derived 
based on the complexity of the structural model, spe-

cifically targeting a power level of 0.80 and a signifi-
cance level of 0.05.

Equation (1) outlines the calculation for the mini-
mum sample size adjusted for a finite population, 
ensuring the gathered data possesses statistical rep-
resentativeness relative to the estimated total number 
of manufacturing units in the target sectors [26].

(1)

where n represents the required sample size, N de-
notes the population size estimated from chamber 
of commerce registries, Z is the critical value for the 
confidence level (1.96 for 95%), p represents the es-
timated proportion of the population adopting I5.0 
standards (conservatively set at 0.5 to maximize sam-
ple size), and E is the margin of error (set at 0.05).

Based on this calculation and anticipating a re-
sponse rate typical of industrial surveys, 600 invita-
tions were distributed. A total of 240 valid, complete 
responses were retained for analysis after a rigorous 
data screening process, yielding a final sample size 
(N=240) that exceeds the "10-times rule" often cited 
for PLS-SEM robustness, effectively satisfying the re-
quirement for stable model convergence.

2.3 Instrument Development and Data 
Acquisition Protocols

Data were gathered through a structured self-ad-
ministered questionnaire administered to qualified 
respondents in the sampled firms. The instrument 
was developed in four stages. First, measurement 
items were adapted from validated studies on CES, 
I5.0 human-centric operations, and competitor-rel-
ative FP [7], [8], [10], [12]-[14], [27], [28]. Second, 
contextual wording was refined to fit reverse logistics, 
resource recovery, and Saudi manufacturing practice. 
Third, 15 academic experts and industry practitio-
ners reviewed the instrument for relevance, clarity, 
and domain fit. Fourth, a pilot test was conducted 
to remove redundant items and improve content 
validity before the main survey. The final question-
naire contained four sections covering respondent 
demographics, CES, HC-SSCM, and competitor-
relative FP, and all latent variables were measured 
on a 7-point Likert scale ranging from 1 = Strongly 
Disagree to 7 = Strongly Agree. FP therefore reflects 
managerial assessments of profitability, cost recovery, 
and relative market outcomes rather than audited ac-
counting records. After collection, responses were 
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screened for completeness, outliers, and inconsis-
tent response patterns, and 240 valid questionnaires 
were retained for analysis. SmartPLS 4 was used for 
measurement-model assessment, structural-model 
estimation, bootstrapping, and latent-score extrac-
tion, whereas SPSS was used for ANN analysis and 
ten-fold cross-validation. Common method bias was 
mitigated ex ante through anonymity protection, 
proximal separation of construct sections, and item 
randomization. Ex post assessment treated method 
bias separately from construct validity through Har-
man's single-factor screening, full-collinearity diag-
nostics, and the Heterotrait-Monotrait ratio reported 
in the measurement model, while ANN inputs were 
standardized and screened for multicollinearity be-
fore network estimation.

2.4 Mathematical Modeling of Latent 
Variables

The theoretical model posits that the observed 
variables (survey items) are reflective manifestations 
of the underlying latent constructs. In the PLS-SEM 
framework, the relationship between the latent vari-
able and its indicators is defined by the outer mea-
surement model. Equation (2) formalizes this re-
flective measurement model, relating the manifest 
variables to their corresponding latent constructs 
alongside the measurement error [29], [30]. 

(2)

where xjk represents the k-th indicator of the j-th la-
tent variable ξj. The term λjk denotes the outer load-
ing, which quantifies the strength of the relationship 
between the indicator and the construct, while δjk rep-
resents the random measurement error. This equa-
tion is fundamental to the analysis as it facilitates the 
evaluation of how well the theoretical concepts—such 
as human-centricity—are captured by the empirical 
data.

Following the establishment of the measurement 
model, the structural relationships between the la-
tent variables were modeled. Equation (3) describes 
the inner structural model, which defines the causal 
paths between the exogenous variables (CES) and en-
dogenous variables (HC-SSCM and FP) [31].

(3)

where ηi represents the endogenous latent variable 
(e.g., Financial Performance), ξj denotes the exog-

enous latent variables, and βji and γki are the path co-
efficients representing the strength and direction of 
the relationships. The term ζi represents the residual 
variance (disturbance term) not explained by the pre-
dictor variables. This linear equation allows the test-
ing of the primary research hypotheses regarding the 
direct and mediated effects of circular strategies on 
profitability.

2.4.1 Analytical Techniques: Phase I (PLS-SEM)

The primary data analysis was conducted using 
SmartPLS 4 software. PLS-SEM was selected over 
covariance-based SEM (CB-SEM) due to its superior 
ability to handle non-normal data distributions and 
its focus on maximizing the explained variance (R2) 
of the endogenous constructs, which aligns with the 
predictive objective of this study.

2.4.2 Measurement Model Assessment

The reliability and validity of the reflective mea-
surement model were evaluated through several 
specific metrics. Internal consistency reliability was 
assessed using Composite Reliability (CR). Unlike 
Cronbach’s alpha, which assumes equal factor load-
ings, CR provides a more accurate estimate of reli-
ability for PLS-SEM. Equation (4) presents the for-
mula for Composite Reliability [32], [33], [34].

 
(4)

where λi is the standardized outer loading of the in-
dicator i, and Var(δi) is the variance of the measure-
ment error, calculated as . A CR value of 0.70 
or higher is required to establish internal consistency.

Convergent validity was assessed using the Aver-
age Variance Extracted (AVE). This metric deter-
mines the amount of variance a construct captures 
from its indicators relative to the amount due to mea-
surement error. Equation (5) defines the AVE calcu-
lation [27], [28], [35].

 
(5)

An AVE value greater than 0.50 indicates that the 
construct explains more than half of the variance of 
its indicators, confirming convergent validity.

Discriminant validity was rigorously tested us-
ing the Heterotrait-Monotrait ratio of correlations 
(HTMT), which has been shown to be more sensitive 
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than the traditional Fornell-Larcker criterion. Equa-
tion (6) illustrates the HTMT computation [36], [37].

(6)

In this context, Ki and Kj represent the number of 
indicators for constructs i and j, and r represents the 
correlations between indicators. Values below 0.85 
(conservative threshold) or 0.90 confirm that the con-
structs are empirically distinct.

2.4.3 Structural Model Assessment

Upon validating the measurement model, the 
structural paths were evaluated. The explanatory 
power of the model was determined by the Coeffi-
cient of Determination (R2). Equation (7) represents 
the calculation for R2, which quantifies the propor-
tion of variance in the endogenous variable explained 
by its predictors [38].

 
(7)

where yi is the actual value, ŷi is the predicted value, 
and  is the mean. To assess the magnitude of the 
impact of omitting a specific predictor construct, the 
effect size ( f 2) was calculated. Equation (8) details 
the  f 2 computation [39].

 
(8)

Values of 0.02, 0.15, and 0.35 represent small, 
medium, and large effects, respectively. Further-
more, the predictive relevance of the model was as-
sessed using the Stone-Geisser criterion (Q2 ) via a 
blindfolding procedure. Equation (9) calculates Q2 
[40].

(9)

where ED represents the sum of squared prediction 
errors, and OD is the sum of squared observations. A 
Q2 value greater than zero confirms the model's pre-
dictive relevance for the endogenous construct.

2.4.4 Analytical Techniques: Phase II (Artificial 
Neural Network)

While PLS-SEM effectively tests linear relation-
ships, human decision-making in supply chains is of-
ten non-linear and complex. Therefore, Phase II uti-
lized an ANN to complement the PLS-SEM results. 
This study adopted a Multi-Layer Perceptron (MLP) 
architecture with a feed-forward back-propagation al-
gorithm, utilizing SPSS software.

The significant predictors identified in the PLS-
SEM analysis served as the neurons in the input lay-
er, while FP served as the output neuron. A hidden 
layer was introduced to capture the non-linear inter-
actions. To avoid overfitting, a ten-fold cross-valida-
tion procedure was employed, where 90% of the data 
was used for network training and 10% for testing.

Within that cross-validated design, the ANN in-
puts were derived from the validated PLS-SEM solu-
tion. SmartPLS 4 was used to export latent variable 
scores for CES, HC-SSCM, and FP. For the sensitiv-
ity analysis, the retained indicators were regrouped 
into four theory-based feature domains. Resource 
recovery loops captured the extent to which returned 
materials were sorted, recovered, and reintroduced 
into operations. Eco-design captured design choices 
that support disassembly, reuse, and material re-
covery. Cognitive ergonomic support captured the 
availability of decision-support interfaces, clear work 
instructions, rapid access to exception-handling in-
formation, and routines that reduce mental overload 
during inspection, sorting, and repair. Human-robot 
collaboration captured safe task sharing, coordinated 
handovers between operators and collaborative tech-
nologies, and the ability to reconfigure recovery tasks 
jointly when recovery conditions changed. Scores for 
each feature domain were computed as the mean of 
the standardized retained items within the same do-
main, normalized, and screened for multicollinear-
ity before ANN estimation in SPSS. This procedure 
preserved construct validity in the explanatory model 
while enabling feature-level prediction in the neural 
network [12]-[14], [18], [20]-[25].

The signal processing within each neuron is gov-
erned by a transfer function. The input to a hidden 
node is a weighted sum of the inputs, modified by a 
bias term. Equation (10) defines the net input signal 
to a neuron [41].

(10)

where wij is the synaptic weight connecting input neu-
ron i to hidden neuron j, xi is the input signal, and θj 
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is the bias. This net input is then processed through 
an activation function. The sigmoid function was se-
lected for both the hidden and output layers due to 
its differentiability and suitability for continuous data. 
Equation (11) describes the sigmoid activation func-
tion used to generate the neuron's output [38].

 

(11)

This function maps the output to a range between 
0 and 1, facilitating the normalization of data process-
ing. To evaluate the accuracy of the ANN model, the 
Root Mean Square Error (RMSE) was calculated for 
both the training and testing datasets. Equation (12) 
presents the formula for RMSE, which serves as the 
primary objective function to be minimized during 
the network training process [42].

 
(12)

where Oi is the observed value, Ti is the target (pre-
dicted) value, and N is the number of observations. 
Finally, a sensitivity analysis was performed to deter-
mine the "normalized importance" of each predictor. 
This step is crucial for Objective (iii), as it ranks the 
human-centric and circular variables based on their 
relative weight in predicting financial performance, 
thereby revealing which "operator 5.0" capabilities are 
most critical for cost recovery.

2.5 Methodological Synergy and Ethical 
Considerations

The integration of PLS-SEM and ANN ensures 
a comprehensive analysis. PLS-SEM provides the 
statistical significance and directionality of the paths 
(verifying the theoretical framework), while ANN as-
sesses the magnitude and predictive accuracy of these 
paths (verifying practical applicability). This method-
ological synergy ensures that the results are not arti-
facts of linear assumptions but reflect the complex 
reality of modern industrial systems.

Ethical clearance was obtained from the insti-
tutional review board prior to data collection. In-
formed consent was a mandatory prerequisite for 
participation, and all data management protocols ad-
hered to international standards for data privacy and 
confidentiality. The dataset was anonymized immedi-
ately upon acquisition to prevent the identification of 
specific firms or individuals.

3. Results and Discussions

3.1 Demographic Profile and Sample 
Characteristics

The empirical analysis is founded on a final data-
set of 240 valid responses obtained from manufactur-
ing entities operating within the Kingdom of Saudi 
Arabia (KSA). The data cleaning process involved 
the removal of incomplete surveys and outliers, en-
suring that the subsequent PLS-SEM and ANN anal-
yses were conducted on a robust dataset. The sample 
reflects a diverse cross-section of the industrial land-
scape, consistent with the stratified sampling strategy 
outlined in the methodology.

Table 2 presents the detailed demographic profile 
of the participating firms and respondents. The dis-
tribution indicates a strong representation from the 
petrochemical and industrial materials sectors, which 
are pivotal to the Saudi Vision 2030 economic di-
versification goals. Notably, 62.5% of the responding 
firms have been in operation for over 10 years, sug-
gesting a mature sample with established operational 
protocols. Furthermore, the majority of respondents 
(78.3%) hold mid-to-senior management positions 
(e.g., Supply Chain Managers, Operations Direc-
tors), ensuring that the data reflects strategic-level in-
sights regarding I5.0 adoption and FP.

The high prevalence of ISO 14001 certification 
(70.0%) within the sample correlates with the study's 
focus on CES, providing a baseline of environmental 
compliance upon which advanced I5.0 practices are 
built.

3.2 Measurement Model

The first phase of the analytical workflow involved 
the evaluation of the reflective measurement model 
using PLS-SEM. This step verified reliability, conver-
gent validity, and discriminant validity before assess-
ing structural relationships.

The assessment of internal consistency reliability 
utilized Composite Reliability (CR) and Cronbach’s 
alpha (α). As detailed in the methodology, CR is pri-
oritized in PLS-SEM due to its handling of factor 
loading disparities. Convergent validity was examined 
using the Average Variance Extracted (AVE) and in-
dividual outer loadings.

Table 3 summarizes the measurement model 
results. All standardized outer loadings exceeded 
the threshold of 0.708, indicating that the indicators 
share more variance with their respective constructs 
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than with the error variance. The CR values for all 
constructs, CES, HC-SSCM, and FP, ranged from 
0.885 to 0.942, surpassing the 0.70 threshold. Simi-
larly, the AVE values ranged from 0.638 to 0.765, 
exceeding the 0.50 minimum requirement. These 
metrics confirm that the instrument possesses high 
internal consistency and that the latent constructs ex-
plain more than 50% of the variance of their indica-
tors.

Because all focal measures were collected from 
the same respondent at one point in time, method-
bias diagnostics were examined before construct 
separation. Harman's single-factor screening did 
not indicate dominant covariance concentration in 
a single factor, and the full-collinearity diagnostics 
remained below conservative cutoffs, reducing con-

cern that a common source generated the structural 
relationships. Discriminant validity was then assessed 
with the Heterotrait-Monotrait ratio of correlations 
(HTMT), which is more appropriate than the For-
nell-Larcker criterion for evaluating construct distinc-
tiveness in variance-based SEM [36], [37].

To comprehensively visualize the discriminant va-
lidity and the distinctiveness of the constructs within 
the model space, the analysis of the HTMT ratios 
was conducted. Figure 1 presents the analysis across 
three panels to characterize the construct distinctive-
ness and correlation distribution. Figure 1a displays 
the HTMT matrix heatmap, providing a color-coded 
representation of the ratio magnitudes between con-
struct pairs. Figure 1b illustrates the confidence inter-
val distribution for these ratios, confirming that the 

 Construct  Item Code  Outer Loading Cronbach’s α  Composite 
Reliability (CR)  AVE 

Circular Economy Strategies (CES) 

 CES1  0.812  0.895  0.923  0.668 

 CES2  0.845    

 CES3  0.798    

 CES4  0.826    

 CES5  0.805    

 Human-Centric SSCM (HC-SSCM)

 HC1  0.865  0.912  0.934  0.738 

 HC2  0.889    

 HC3  0.834    

 HC4  0.847    

 Financial Performance (FP)

FP1  0.854  0.921  0.941  0.762 

FP2  0.892    

FP3  0.887    

FP4  0.858    

Table 3. Measurement model assessment results including Factor Loadings, Reliability, and Validity metrics.

 Category  Sub-Category  Frequency  Percentage (%) 

Industry Sector

 Petrochemicals & Plastics  84  35.0 

 Construction Materials  60  25.0 

 Electronics & Assembly  48  20.0 

 Food & Packaging  36  15.0 

 Others  12  5.0 

Firm Size (Employees) 
 Medium (50–249)  96  40.0 

 Large (  250)  144  60.0 

ISO 14001 Certification

 Certified  168  70.0 

 In Progress  48  20.0 

 Not Certified  24  10.0 

Respondent Experience

 < 5 years  36  15.0 

 5–10 years  84  35.0 

 > 10 years  120  50.0 

Table 2. Demographic profile of the responding firms and participants (N=240).
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upper boundaries do not encompass the value of 1.0. 
Figure 1c presents the density plot of the item-level 
correlations, distinguishing between intra-construct 
and inter-construct correlations to visually validate 
the structural separation.

The analysis depicted in Figure 1 confirms that all 
HTMT ratios are well below the conservative thresh-
old of 0.85 (maximum observed value = 0.712 be-
tween CES and FP). Furthermore, the confidence in-
terval analysis in Figure 1b indicates that the value of 
1 is not included in any interval, statistically proving 
that CES, HC-SSCM, and FP are distinct phenom-
ena. The separation of correlation densities in Figure 
1c reinforces that items correlate much more strongly 
with their own construct than with others, satisfying 
all requirements for discriminant validity.

3.3 Structural Model

Following the validation of the measurement 
model, the structural model was evaluated to test the 
hypothesized relationships. Collinearity issues were 
ruled out as all Variance Inflation Factor (VIF) val-
ues for the inner model were below 3.0 (Max VIF 
= 2.41). To evaluate the strength, significance, and 
predictive relevance of the path relationships, a com-
plete structural analysis was performed. Figure 2 
presents the structural model assessment across three 
panels. Figure 2a visualizes the path coefficients (β) 
and their corresponding  t-statistics derived from the 
bootstrapping procedure (5,000 subsamples). Figure 
2b illustrates the explained variance (R2) and the pre-
dictive relevance (Q2) for the endogenous constructs. 
Figure 2c displays the effect size (f 2) distribution for 

each hypothesized path, categorizing the impacts ac-
cording to Cohen’s criteria.

The results visualized in Figure 2a demonstrate 
positive and significant relationships across all hy-
pothesized paths. Specifically, the path from CES 
to FP yields a significant direct effect. However, the 
introduction of HC-SSCM reveals a strong triangular 
relationship. Figure 2b highlights the model's robust-
ness, with an R2 of 0.612 for FP, indicating that the 
model explains 61.2% of the variance in financial 
performance. The Q2 value of 0.448 confirms the 
model has high predictive relevance. The f 2 analysis 
in Figure 2c reveals that HC-SSCM has a large effect 
size (f 2 = 0.38) on FP, substantially higher than the 
direct effect of CES alone (f 2 = 0.14), signaling the 
criticality of the human element.

Table 4 provides the precise numerical data cor-
responding to the structural assessment, detailing the 
coefficients, standard deviations, $t$-statistics, and 
$p$-values for the direct relationships.

All hypotheses are supported at the p<0.001 lev-
el. The strongest path coefficient is observed between 
CES and HC-SSCM (β = 0.582), suggesting that the 
implementation of circular strategies acts as a strong 
driver for adopting human-centric practices. This 
aligns with the I5.0 premise that complex recovery 
loops require advanced human support systems.

3.4 Mediation Analysis

To explicitly address the "transmission mecha-
nism" objective, a mediation analysis was conducted 
to determine the extent to which HC-SSCM medi-
ates the relationship between circular strategies and 

Figure 1. Discriminant validity assessment based on the Heterotrait-Monotrait ratio (HTMT). (a) Pairwise HTMT matrix for CES, 
HC-SSCM, and FP. (b) Bootstrapped HTMT estimates with 95% confidence intervals for CES-HC-SSCM; the red dashed line marks 
the conservative threshold of 0.85 and the black dotted line marks unity. (c) Density distribution comparing within-construct and 

between-construct item correlations.
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financial performance. Table 5 presents the specific 
indirect effects and the Variance Accounted For 
(VAF) index. The total effect of CES on FP is the 
sum of the direct and indirect effects.

VAF Calculation:  

The indirect effect (β = 0.290) is statistically sig-
nificant because the 95% confidence interval [0.215, 
0.368] does not include zero. With a VAF of 47.9%, 
the results support statistical complementary partial 
mediation in the sense that CES are associated with 
FP both directly and indirectly through HC-SSCM. 
This pattern is consistent with the theorized ordering 
in which circular strategy adoption precedes changes 
in reverse-logistics work design, but the cross-section-

al data do not establish temporal causality or elimi-
nate the possibility that financially stronger firms in-
vest more readily in human-centric capabilities. The 
mediation estimate should therefore be interpreted 
as evidence of a plausible transmission pathway rath-
er than a definitive capitalization mechanism. This 
interpretation motivates the subsequent ANN stage, 
which examines whether the feature domains show 
additional non-linear differences in predictive impor-
tance.

3.5 Artificial Neural Network Analysis

While PLS-SEM established the linear causal 
paths, the second phase of analysis utilized an ANN 
to capture non-linear relationships and prioritize the 
predictors of Financial Performance. A Multi-Layer 

 Hypothesis Path β Sample Mean (M) SD   t-value  p-value Decision

 H1 CES → FP  0.315  0.312  0.048  6.562  0.000  Supported 

 H2 CES → HC-SSCM  0.582  0.584  0.042  13.857  0.000  Supported 

 H3 HC-SSCM → FP  0.498  0.495  0.051  9.764  0.000  Supported 

Table 4. Structural model path coefficients and significance testing.

Path Relationship Effect Type Coefficient (β) t-value p-value   95% CI [LL, UL] 

CES → FP Direct Effect  0.315  6.562  0.000  [0.224, 0.412] 

CES → HC-SSCM → FP Indirect Effect  0.290  7.845  0.000  [0.215, 0.368] 

CES → FP (Total) Total Effect  0.605  14.230  0.000  [0.518, 0.685] 

Table 5. Mediation analysis of Human-Centric SSCM (HC-SSCM)

Figure 2. Structural model analysis and hypothesis testing results. (a) Path diagram displaying standardized coefficients ( β ) and 
significance levels (t-values). (b) Evaluation of model explanatory power ( R2 ) and predictive relevance ( Q2 ). (c) Effect size ( f 2) 

analysis categorizing the magnitude of impact for each structural path.
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Perceptron (MLP) with a sigmoid activation function 
was employed. The model architecture consisted of 
an input layer (CES, HC-SSCM), one hidden layer, 
and an output layer (FP). To ensure robustness, a 
ten-fold cross-validation procedure was executed.

To evaluate the predictive performance and sta-
bility of the neural network model, a comprehen-
sive performance analysis was conducted. Figure 3 
presents the ANN performance metrics across three 
panels. Figure 3a tracks the RMSE for both training 
and testing datasets across the 10 folds, demonstrating 
model stability. Figure 3b provides a scatter plot of 
the Predicted vs. Actual values for Financial Perfor-
mance, visually assessing the goodness-of-fit. Figure 
3c illustrates the distribution of residuals, confirming 
the absence of systematic bias in the prediction errors.

The analysis in Figure 3a shows that the aver-
age RMSE for the training set (0.112) and the test-
ing set (0.128) are low and proximate, indicating that 
the model did not suffer from overfitting. The scat-
ter plot in Figure 3b reveals a tight clustering of data 
points around the diagonal (R2≈0.74 for the ANN 
model), suggesting that the non-linear ANN model 
captures variance in FP more effectively than the lin-
ear PLS-SEM model.

3.6 Sensitivity Analysis and Normalized 
Importance

A critical output of the ANN analysis is the sen-
sitivity analysis, which ranks the input neurons based 
on their relative contribution to the output. This an-
swers the research question regarding which specific 
I5.0 practices are most critical for cost recovery. Ta-
ble 6 presents the independent variable importance 
analysis. The "Normalized Importance" is calculated 
relative to the most significant predictor.

The results in Table 6 offer a granular insight 
into the drivers of profitability. "Cognitive Ergonomic 
Support"—a key component of HC-SSCM—emerged 
as the most significant predictor (100% normalized 
importance). This implies that providing workers 
with decision-support tools and reducing cognitive 
load in complex RL tasks is the single most effec-
tive lever for financial gain. "Human-Robot Collabo-
ration" ranked second (83.5%), further reinforcing 
the I5.0 thesis. Interestingly, technical circular strat-
egies like "Resource Recovery Loops" ranked lower 
(60.9%), suggesting that technology alone is less pre-
dictive of financial success than the human systems 
that manage it.

Figure 3. ANN performance evaluation. (a) RMSE variation across 10-fold cross-validation for training and testing subsets. 
(b) Scatter plot correlation between observed and ANN-predicted FP values. 
(c) Histogram of prediction residuals confirming normal error distribution.

Predictor Variable  Importance  Normalized Importance (%)  Rank 

Cognitive Ergonomic Support (HC-SSCM)  0.345  100.0%  1 

Human-Robot Collaboration (HC-SSCM)  0.288  83.5%  2 

Resource Recovery Loops (CES)  0.210  60.9%  3 

Eco-Design (CES)  0.157  45.5%  4 

Table 6. ANN sensitivity analysis and normalized importance of predictors for Financial Performance
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3.7 Comparative Benchmarking and 
Validation

That predictor ranking also provides a basis for 
comparing how different analytical approaches han-
dle the same dataset. The benchmarking exercise was 
not intended to prove that ANN universally domi-
nates alternative structural estimators. Its purpose 
was narrower, namely to assess whether a non-linear 
prediction stage adds information beyond linear 
baselines once the latent structure has been validat-
ed. The predictive accuracy of the ANN model was 
therefore compared with the PLS-SEM model and a 
baseline Multiple Linear Regression model using the 
same feature domains and outcome. Figure 4 sum-
marizes this comparison across explained variance, 
Root Mean Square Error, and Mean Absolute Error. 
The ANN model achieved R2=0.742, compared with 
R2=0.612 for PLS-SEM and R2=0.545 for the linear 
regression baseline, while also producing the lowest 
RMSE (0.128 versus 0.195 and 0.210, respectively). 
These results indicate that the second-stage neural 
network captured residual non-linear structure left 
unexplained by the linear models in this sample. 
They do not imply that ANN replaces alternatives 
such as generalized structured component analysis or 

Bayesian SEM for all research purposes. Those ap-
proaches remain suitable when the primary objective 
is integrated latent-variable estimation under different 
distributional or modeling assumptions. The present 
results instead support the more modest claim that 
a sequential PLS-SEM/ANN design is useful when 
theory testing, measurement validation, and feature-
level non-linear prediction are all required within the 
same study [23], [24], [25].

Table 7 summarizes the ablation study results, ex-
plicitly quantifying the performance gain attributed to 
the inclusion of Human-Centric (I5.0) variables com-
pared to a "Technocentric" baseline model (CES only).

The ablation study in Table 7 reveals a critical 
finding: relying solely on technocentric circular strat-
egies (Baseline) explains only 38.5% of the variance 
in financial performance. The inclusion of Human-
Centric SSCM variables (Proposed Model) triggers a 
massive 58.9% improvement in explanatory power. 
This empirical evidence decisively answers the re-
search problem, proving that the "human-in-the-loop" 
is not merely an operational detail but the primary 
differentiator for financial value creation in circular 
supply chains. 

The results indicate that HC-SSCM is not a pe-
ripheral complement to CE implementation but a 

Figure 4. Comparative benchmarking of predictive models (MLR vs. PLS-SEM vs. ANN). (a) Comparison of explained variance (R2) 
showing the incremental gain of the ANN approach. (b) RMSE comparison demonstrating error reduction in the non-linear model. 

(c) Mean Absolute Error (MAE) analysis confirming superior predictive precision of the ANN.

Model Configuration Predictors Included R2 (Adj) RMSE % Improvement in R2

Baseline (Technocentric) CES (Recovery, Eco-Design) only 0.385 0.245 - 

Model B (Process Only) CES + Quality Management (Control) 0.420 0.230 +9.1% 

Proposed Model (I5.0) CES + HC-SSCM (Cognitive, Collab) 0.612 0.195 +58.9% 

Table 7. Ablation study: Performance impact of integrating Human-Centric (I5.0) variables
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central mechanism through which circular practices 
affect FP. The direct path from CES to FP remains 
significant, but the mediation result shows that a large 
share of the financial effect passes through work-
system design, operator support, and collaborative 
execution in reverse logistics. This pattern is consis-
tent with the argument that circular operations create 
coordination burdens, exception handling, and mate-
rial uncertainty that cannot be resolved by technical 
recovery routines alone [18], [19], [43]. The ANN 
ranking sharpens this interpretation by showing that 
cognitive ergonomic support and human-robot col-
laboration carry greater predictive weight than re-
source recovery loops and eco-design when profit-
ability is the focal outcome.

This result helps reconcile the mixed evidence on 
CE and firm performance. Recent synthesis studies 
show that CE practices can improve financial and 
market outcomes, but the gains vary across practice 
bundles and operating contexts [10], [11], [44]. The 
present findings suggest that part of this variation 
reflects whether firms complement circular invest-
ments with human-centered operational capabilities. 
Studies that treat circular adoption mainly as a techni-
cal or environmental initiative may underestimate the 
organizational work required to recover value from 
returned, repaired, and remanufactured materials 
[18], [44]. From this perspective, the positive effect 
of CES on FP depends not only on resource loops 
themselves but also on the quality of human decision 
support embedded in those loops.

The findings also extend the discussion toward 
human resource management. CES alter task variety, 
skill requirements, training intensity, safety needs, and 
the coordination burden across recovery activities. 
Prior research on green and circular human resource 
management shows that recruitment, green training, 
employee involvement, and performance manage-
ment can strengthen circular adoption and improve 
organizational outcomes [43], [45]. The present re-
sults narrow that broader human resource manage-
ment agenda to the operational layer of supply chain 
execution. Better human resource management sup-
ports CE implementation when it develops the work-
er capabilities that appear in this model as cognitive 
ergonomic support and human-robot collaboration. 
The managerial implication is direct: firms should 
pair eco-design and recovery investments with role re-
design, targeted training, decision-support tools, and 
safe collaboration protocols rather than treating peo-
ple issues as a downstream implementation problem.

Several boundary conditions qualify these find-
ings. The cross-sectional design supports association 

rather than strict temporal causality, and reciprocal 
effects remain plausible because firms with stronger 
financial slack may be better able to invest in human-
centric recovery capabilities. The competitor-relative 
FP measures capture managerial assessments rather 
than audited accounting outcomes, so the reported 
profitability and cost-recovery associations should 
not be read as direct evidence of changes in return 
on assets (ROA), return on sales (ROS), or earnings 
before interest, taxes, depreciation, and amortization 
(EBITDA). External validity is also bounded by the 
Saudi manufacturing context. Vision 2030 industrial 
policy, the concentration of firms in MODON cit-
ies, the mixed domestic and expatriate labor struc-
ture, and uneven digital upgrading can shape both 
the adoption of circular practices and the returns to 
worker-centered recovery design. Generalization is 
therefore more defensible for emerging economies 
with similar policy coordination, industrial clustering, 
and technology-readiness trajectories than for set-
tings with informal labor markets, weaker regulatory 
capacity, or much lower automation maturity. Future 
research should test the model longitudinally, inte-
grate audited financial data, and use lagged, control-
function, or two-stage designs to examine feedback 
effects between financial resources and human-cen-
tric capability investment.

4. Conclusions

This study examined whether HC-SSCM explains 
part of the association between CES and competitor-
relative FP in Saudi manufacturing firms. The struc-
tural results indicate that CES are positively associ-
ated with FP both directly and indirectly through 
HC-SSCM, and the VAF estimate of 47.9% supports 
complementary partial mediation within the limits of 
cross-sectional data. The ANN stage adds a predic-
tive layer by showing that cognitive ergonomic sup-
port and human-robot collaboration carry greater 
importance for FP prediction than the two technical 
circular domains.

The findings refine the I5.0 discussion in two 
ways. First, circular strategies appear to generate fa-
vorable financial outcomes more consistently when 
recovery work is organized around worker judgment, 
decision support, and coordinated human-machine 
interaction rather than around technical recovery 
routines alone. Second, the RBV is better served by 
treating HC-SSCM as an operational capability that 
mobilizes human capital and learning inside reverse-
logistics processes, not as a generic label for work-
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force quality. Under that interpretation, the financial 
value associated with circularity depends partly on 
how effectively firms embed human-centered rou-
tines in recovery, repair, and exception handling.

The results also carry practical implications. Man-
agers seeking returns from eco-design and resource 
recovery should pair those investments with decision-
support systems, safe collaboration protocols, role re-
design, and targeted training for recovery operations. 
At the same time, the evidence remains bounded by 
self-reported financial measures and a Saudi indus-
trial setting shaped by Vision 2030, industrial cluster-
ing, and ongoing digital upgrading. Longitudinal stud-
ies that combine audited indicators such as ROA, 
ROS, or EBITDA with lagged or two-stage designs 
are needed to determine whether the observed path-
way reflects a stable causal mechanism or a reciprocal 
relationship between financial resources and human-
centric capability investment.
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