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Abstract. This paper examines the factors shaping the adoption of Industry 4.0 (I4.0) technologies in Moroccan 
supply chains (SCs), with a focus on how digitalization, management practices, strategic planning, and financial 
resources contribute to SC optimization. The study aims to explore how these elements enhance resilience and 
competitiveness in an increasingly complex economic environment. Drawing on data from a structured survey 
of 151 Moroccan firms operating across various industries, the research employs a regression analysis based 
on multilayer neural network models to evaluate the relative importance of these drivers. The findings reveal 
that digitalization exerts the most substantial influence on supply chain optimization, accounting for nearly 
a half (47.78%) of the total effect. This is followed by management practices (31.74%), strategic alignment 
(14.26%), and financing (6.22%). These results highlight the critical role of digital transformation (DT) and 
effective management in fostering SC efficiency and competitiveness. By emphasizing the integration of ad-
vanced technologies and strategic approaches, this study provides practical insights for businesses seeking to 
enhance operational performance and adaptability. In focusing on the Moroccan context, this research offers a 
novel contribution by shedding light on the unique challenges and opportunities in developing economies. The 
use of neural network regression adds methodological depth, enabling a precise assessment of key factors. The 
findings provide actionable recommendations for companies aiming to align their investments and strategies 
with I4.0 priorities, ultimately contributing to economic growth and SC excellence.
Keywords: Industry 4.0, Supply Chain Performance, Digitalization, Industry 4.0 technologies, Neural 
Networks. 

1. Introduction 

Innovation is a cornerstone of competitive advantage, particularly for companies un-
dergoing transformative changes in their business models (Doan, 2020). However, 
sustaining high levels of creativity and operational efficiency becomes increasingly 
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challenging in environments defined by disruption and uncertainty. Supply Chain Man-
agement (SCM) is pivotal in this context, ensuring that the right products are delivered 
in the right quantity, time, and place, at optimal cost and quality standards (Bourmistrov 
& Åmo, 2022).

As global Supply Chains (SCs) face mounting pressures from limited visibility, frag-
mented control, and sustainability imperatives (Bernardes Junior et al., 2024), there 
is a growing demand for integrated solutions that align social, economic, and envi-
ronmental objectives (Seker & Sengür, 2021). Digital Transformation (DT), driven by 
Industry 4.0 (I4.0) technologies, has emerged as a key enabler of SC innovation (Fe-
dirko & Zatonatska, 2020). By fostering seamless interconnectivity and automation, 
DT transitions traditional SCs into integrated digital systems capable of autonomous 
decision-making, enhanced adaptability, and superior operational performance (Cinar, 
2023). In fact, Performance measurement is key to maximizing digital SCs, assessing 
both resource efficiency and customer satisfaction. While it enhances visibility, deci-
sion-making, and competitiveness, existing studies often overlook the combined impact 
of performance factors on the overall SC success (Akerele, 2023). 

In fact, the study of SCs is a major issue in the global economic context, particularly 
in the face of the transformations induced by I4.0 and the increasing digitalization of 
industrial processes. Numerous studies have investigated the determinants of SC optimi-
zation across various international contexts (Chauhan et al., 2023), thereby emphasizing 
the role of digital technologies, managerial strategies, and financial resources in enhanc-
ing organizational performance. However, the literature remains relatively limited with 
regard to the specificities of SCs in emerging economies, and in particular in the Mo-
roccan context. This lack of empirical work poses a challenge for decision-makers and 
companies seeking to align their practices with international standards of efficiency and 
resilience.

Indeed, the urgency of this study is explained by Morocco’s strategic position in the 
global SC, particularly as a logistics hub for Europe and Africa. With growing industries 
such as aeronautics, automotive and agri-food, the companies must urgently modernize 
their SCs to strengthen their competitiveness and secure their place in the global market. 
However, the vulnerability of Moroccan SCs to exogenous shocks (geopolitical tensions, 
health crises, fluctuations in raw material costs) reveals a pressing need for optimization 
and DT. 

The present study analyzes the key levers of DT within Moroccan companies, fo-
cusing on the dimensions of digitalization, management, strategy, and financing. It aims 
to measure their contribution to improving performance, resilience, and organization-
al competitiveness. By mobilizing an empirical approach, this research offers concrete 
guidelines to support companies in implementing appropriate digital strategies. The arti-
cle is structured around five sections: literature review, methodology, results, discussion, 
and conclusion.
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2. Literature Review

With the evolution of economic dynamics, companies have gradually refocused their strat-
egy on the integration and coordination of their SC activities, no longer as isolated enti-
ties, but as stakeholders in an interconnected network where performance depends on the 
quality of relationships between actors. Indeed, the SC, connecting all actors via physical, 
financial and informational flows, requires smooth coordination of processes to effective-
ly meet the demand (Ivanov & Dolgui, 2020). Faced with a globalized environment and 
sustainability challenges, companies must rely on adaptive and collaborative strategies to 
optimize flows and strengthen their competitive position (Ulfsnes et al., 2023). 

Digitalization, managerial practices, strategic foresight, and financial capacity col-
lectively shape the efficiency and resilience of SCs. While digital technologies such as 
AI-driven forecasting and blockchain enhance responsiveness and reduce uncertainty 
through real time data integration and process automation (Ivanov & Dolgui, 2020), 
their effectiveness depends on strong managerial alignment. Leadership that promotes 
collaboration and adaptability ensures that these tools serve broader organizational goals 
(Dubey et al., 2021). Strategic planning provides direction, enabling firms to anticipate 
disruptions, allocate resources effectively, and align SC initiatives with long-term objec-
tives (Christopher & Holweg, 2017). Financial resources, in turn, condition the depth 
and scalability of transformation; well-capitalized firms are better-positioned to adopt 
advanced solutions, strengthen supplier networks, and build operational buffers (Singh 
et al., 2019). It is the interplay among these dimensions that ultimately determines a 
firm’s capacity to optimize and sustain competitive supply chain performance.

The evolution of Industry 4.0 has deeply reshaped supply chain management by inte-
grating advanced technologies that boost efficiency, flexibility, and competitiveness (Koro-
hodova et al., 2024). Digitalization has opened new possibilities in inventory control, cost 
management, and customer focused production. Tools such as the Internet of Things, data 
analytics, and intelligent systems have made supply chains more responsive and adaptive 
to market dynamics in real time (Uddin et al., 2023). The COVID-19 crisis further exposed 
the fragility of traditional supply chain structures, accelerating the need for innovation and 
collaboration. In response, firms increasingly rely on automation and predictive analytics 
to absorb disruptions, optimize operations, and support faster decision making (Chauhan 
et al., 2023). Furthermore, the DT of SCs is reshaping traditional operational models, fos-
tering transparency, and improving efficiency. Blockchain technology, for instance, has 
emerged as a pivotal tool for securing data integrity and enabling seamless information 
sharing between SC stakeholders (Mubarik et al., 2021). Such advancements not only 
strengthen trust but also reduce inefficiencies and vulnerabilities in the SC network (Rovi-
ra et al., 2022). In fact, I4.0 technologies enhance customer centricity by enabling flexible, 
customized production and leveraging intelligent systems to predict consumer preferences, 
while boosting SC adaptability and competitiveness.

In addition to operational benefits, I4.0 technologies are driving significant advance-
ments in customer centricity and customization. By enabling flexible manufacturing and 
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tailored production, firms are better equipped to meet diverse consumer demands. These 
capabilities are further supported by intelligent systems that analyze and predict custom-
er preferences, while enhancing the adaptability and competitiveness of SCs (Uddin et 
al., 2023).

Ultimately, the adoption of I4.0 technologies is critical for SC survival in a dynamic 
and competitive global market. By embedding digital tools into their value chains, busi-
nesses can achieve greater resilience, transparency, and cost efficiency (Chauhan et al., 
2023). To sustain competitiveness, companies must also address escalating data flows 
and interdependencies, ensuring seamless integration of emerging technologies within 
SC operations. 

However, with the advent of the digital revolution, with the rise of I4.0 technolo-
gies, and in an environment characterized by complexity, dynamism, and competitive-
ness, digitalization has emerged as a new phenomenon that has affected several aspects 
of business management and improved operational performance  (Lachvajderová & 
Kádárová, 2021). Digital technologies have significantly transformed the way individu-
als communicate and engage with their surroundings. Technological breakthroughs and 
personal devices, including mobile phones, personal computers, autonomous vehicles, 
drones, sophisticated TVs, wearables, smartphones, and smartwatches, are transforming 
how organizations access and communicate information. These new emerging technolo-
gies are affecting all industries, sectors, functions, etc., and SC is no exception. 

However, in the Moroccan SC, these transformations are paving new ways and op-
portunities for innovation. Considering this, the current research explores ways in which 
digitalization, financing, strategy, and management are influencing and enhancing the 
performance of the Moroccan SC. Furthermore, this paper provides insight into how 
the adoption of I4.0 technologies will enhance the performance of the Moroccan SC. 
Therefore, we proposed four hypotheses to guide our research, as illustrated in Figure 1.

Figure 1. Structure of hypotheses of the factors of digitalization in the SC 
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(H1).	 Digitalization adoption is statistically associated with improvements in SC 
optimization.

Digital technologies have demonstrated their significant influence on inventory man-
agement in companies’ SCs. According to Pekarcikova et al. (2020), the digitalization of 
‘Lean Thinking’ and the implementation of I4.0 have strengthened visibility and collabo-
ration throughout the SC. Similarly, digitalization has made it possible to track deliveries 
and supplies in real time, optimize material and information flows, and streamline delivery 
times. Our second hypothesis is to verify the association between the digitalization on SC 
in Morocco. To achieve this, we will present the hypothesis in the following format: 

(H2). 	Financing adoption is statistically associated with improvements in SC opti-
mization.

According to Hong (2022), the growth of SC financing has significantly improved 
and optimized its operations. Based on the dynamics of the system, the author studied 
the collaborative development of SC finance, which revealed that increasing bank con-
tributions can lead to significant long-term economic benefits. To illustrate this, we will 
formulate the hypothesis as follows: 

(H3). 	Corporate strategy adoption is statistically associated with improvements in 
SC optimization.

Research on the influence of a company’s strategy on SC improvement highlights 
several important findings and advances. It is essential that a company’s SC is consist-
ent with the corporate strategy in order to achieve high performance (Kazmane et al., 
2017). The choice of a SC strategy is a statistically significant relationship between the 
company’s objectives and the external environment. Companies can choose to adopt 
strategies focused either on operational excellence or on customer proximity, depending 
on the specifications and expectations of the latter (Kazmane et al., 2017). The fourth 
hypothesis is associated with the statistical role between the company’s strategy and SC 
optimization. That said, we present the hypothesis in the following form:

(H4). 	Management adoption is statistically associated with improvements in SC 
optimization.

The role of management is predominant in SC management  (Waller & Johnson, 
1999). Ketchen and Giunipero (2004) studied the role of strategic management in SC 
management, the use of several strategic management theories (i.e., agency theory, in-
stitutional theory, resource-based management theory, etc.), and its importance in ex-
plaining how corporate profits should be beneficial for good SC management. Handfield 
et al. (2005) examined how firms develop environmentally friendly SC strategies. The 
authors mobilized the technique of interviews with representatives of American, British, 
Japanese, and Korean companies, as well as another previous research. Many firms al-
ready perceive choices regarding SC management and SC strategy as essential. As more 
and more managers adopt environmentally friendly practices, SC strategies will only 
increase in priority. In our case, we aim to identify the role of management as a factor 
that influences the optimization of the SC.
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3. Methodology 

3.1. Purpose of the Paper 

This research aims to explore and quantify the key factors driving the adoption and 
optimization of I4.0 technologies in Moroccan SCs, with a particular focus on their con-
tributions to enhancing performance, resilience, and competitiveness in an increasingly 
dynamic economic environment. The study uses advanced neural network regression 
models to compare the effects of digitization, management practices, strategic align-
ment, and financial resources. This gives a full and data-driven picture of their roles. 
Based on data collected from 151 Moroccan firms spanning various industries, the re-
search bridges the gap between theoretical insights and the practical challenges faced by 
businesses in developing economies. It provides actionable recommendations to enable 
Moroccan firms to strategically invest in DT initiatives, optimize their SC processes, 
and align managerial and strategic practices with global I4.0 standards. By highlighting 
the dominant influence of digitalization and the interplay of management and strategic 
factors, the study offers a roadmap for businesses and policymakers aiming to enhance 
operational excellence, drive innovation, and strengthen Morocco’s position in the glob-
al SC landscape. This research contributes both practical solutions and methodological 
advancements to the academic discourse, positioning itself as a critical reference for 
future studies on DT and SC optimization in emerging markets.

3.2. Collecting Data

We aim to analyze the statistical relationship between these factors and the optimization 
of the Moroccan SC. To this end, we adopted an empirical approach based on a self-as-
sessment questionnaire. Its design is based on an in-depth review of recent academic 
literature (for a period of 2008–2022) and international literature, including articles writ-
ten by researchers of various nationalities. Moroccan companies of various sizes and 
structures operating on the national territory are the target audience for the questionnaire 
consisting of 51 questions. The structure of the questionnaire comprises two main parts:

•	 Part 1: Questions relating to the characteristics of the participating companies (e.g., 
size, sector of activity, workforce, etc.).

•	 Part 2: Questions relating to the characteristics of the SC of the companies surveyed 
and aiming at the subjective assessment of the SC by the companies surveyed (e.g., 
managerial practices, effects of digitalization, anticipations, etc.).

As shown in Table 1, the questionnaire includes selected questions categorized based 
on key factors influencing SC optimization.

For data collection, we used two survey techniques widely used in the field of man-
agement sciences: the Computer Assisted Web Interviews (CAWI) method, and the 
Computer Assisted Personal Interviewing (CAPI) method. These techniques allowed us 
to target 151 companies located in Morocco between July 2022 and September 2022. 
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Table 1. Selected questions categories

Factors Number of selected questions 
Digitalization 11 questions
Management 5 questions
Organization 3 questions

Finance 2 questions

3.3. Data Processing

In this article, we will rely on an analytical approach based on regression using machine 
learning methods, namely, neural networks. This technology has revolutionized many 
aspects of artificial intelligence. A neural network consists of a system of connected 
artificial neurons that reproduce the way the human brain works. In our study, we have 
implemented a multilayer neural network (MLP) of the perceptron type, as shown in 
Figure 2. Frank Rosenblatt first introduced the perceptron as a type of a neural network 
in 1957 (Singh & Banerjee, 2019). The model imitates the ability to process information 
and make decisions, as is the case with biological neurons. The basic principle of the 
functionality of a perceptron is to take inputs from different sources, apply weights to 
them, summarize them with a bias term, pass the resulting value through an activation 
function, and produce an output signal. 

Figure 2. Presentation of an artificial neuron
Source: Produced by authors, based on (Hornung et al., 2022)

A perceptron is composed of several parts that work together to efficiently process 
information. External sources provide values or features to the input layer. Before being 
summarized by a bias term (b), each input (xi) is multiplied by its corresponding weight 
(wi). An activation function feeds this weighted sum and the bias term, which signals 
based on specific criteria or thresholds.
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A perceptron is composed of several parts that work together to efficiently process information. 
External sources provide values or features to the input layer. Before being summarized by a bias 
term (b), each input  (𝑥𝑥𝑖𝑖) is multiplied by its corresponding weight (𝑤𝑤𝑖𝑖). An activation function 
feeds this weighted sum and the bias term, which signals based on specific criteria or thresholds. 

𝑌𝑌 = 𝑥𝑥1𝑤𝑤1 + 𝑥𝑥2𝑤𝑤2 + 𝑥𝑥3𝑤𝑤3 + 𝑥𝑥4𝑤𝑤4 + ⋯ + 𝑥𝑥𝑛𝑛𝑤𝑤𝑛𝑛 + 𝑏𝑏 (1) 

The step or threshold function, which produces binary values (‘0’ or ‘1’) depending on whether 
the sum exceeds a predefined threshold, is the most frequently used activation function for 
perceptrons. 

𝑌𝑌 =  {1 𝑖𝑖𝑖𝑖 ∑ 𝑥𝑥𝑖𝑖𝑤𝑤𝑖𝑖 ≥ 0
0 𝑖𝑖𝑖𝑖                  𝑛𝑛𝑛𝑛  (2) 

At the beginning of the perceptron training process, it is necessary to initialize its weights 
randomly. Then, it uses iterative learning algorithms like gradient descent to learn from labeled 
data. The perceptron uses current weights to make predictions at each iteration and adjusts these 
weights based on the prediction errors calculated by comparing the predicted output with the actual 
labeled output. The training process aims to reduce errors or increase accuracy. The process of 
iterative weight changing persists until it meets a convergence criterion, which could be a 
predetermined number of iterations or an acceptable error level.  
MLP regression has an advantage over other forms of regression, such as linear regression, because 
of its ability to model complex nonlinear relationships. Compared to older models, it can handle 
multidimensional, heterogeneous data and combine continuous categorical variables with great 
scalability, while capturing complex interactions across its hidden layers. Its robustness to 
unstructured data and its ability to learn continuously and iteratively allows it to generalize better. 
However, to ensure scientific and methodological transparency, it is important to detail the choice 
of validation metrics in this section. 
In fact, the present paper employs a MLP regression model to examine the statistical significance 
of digitalization, management practices, strategic alignment, and financial resources on SC 
optimization in Moroccan companies. The selection of MLP is justified by its capacity to capture 
non-linear and complex interactions between variables, offering a more sophisticated predictive 
capability compared to traditional regression models. To enhance methodological rigor, the model 
underwent a systematic hyperparameter tuning process, ensuring optimal performance and 
robustness. Specifically, we experimented with different model architectures, varying the number 
of hidden layers between one and three, and adjusting the number of neurons per layer between 
three and fourteen while using a grid search approach. The activation functions tested included 
Rectified Linear Unit (ReLU) and Sigmoid, with ReLU getting ultimately selected due to its 
improved gradient propagation and mitigation of the vanishing gradient problem. Additionally, the 
learning rate was adjusted within the range of 0.001 to 0.01 by using an adaptive learning rate 
scheduler, and the Adam optimizer was employed given its ability to balance computational 
efficiency and convergence stability. To further address potential overfitting, dropout 
regularization (set at 0.2) and L2 weight decay (λ = 0.001) were incorporated. 

To ensure the validity and reliability of the model, k-fold cross-validation (k=5) was conducted, 
allowing for more robust generalization across different data subsets. The predictive performance 
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weights randomly. Then, it uses iterative learning algorithms like gradient descent to 
learn from labeled data. The perceptron uses current weights to make predictions at each 
iteration and adjusts these weights based on the prediction errors calculated by compar-
ing the predicted output with the actual labeled output. The training process aims to re-
duce errors or increase accuracy. The process of iterative weight changing persists until 
it meets a convergence criterion, which could be a predetermined number of iterations 
or an acceptable error level. 

MLP regression has an advantage over other forms of regression, such as linear re-
gression, because of its ability to model complex nonlinear relationships. Compared to 
older models, it can handle multidimensional, heterogeneous data and combine contin-
uous categorical variables with great scalability, while capturing complex interactions 
across its hidden layers. Its robustness to unstructured data and its ability to learn con-
tinuously and iteratively allows it to generalize better. However, to ensure scientific and 
methodological transparency, it is important to detail the choice of validation metrics in 
this section.

In fact, the present paper employs a MLP regression model to examine the statistical 
significance of digitalization, management practices, strategic alignment, and financial 
resources on SC optimization in Moroccan companies. The selection of MLP is justi-
fied by its capacity to capture non-linear and complex interactions between variables, 
offering a more sophisticated predictive capability compared to traditional regression 
models. To enhance methodological rigor, the model underwent a systematic hyperpa-
rameter tuning process, ensuring optimal performance and robustness. Specifically, we 
experimented with different model architectures, varying the number of hidden layers 
between one and three, and adjusting the number of neurons per layer between three and 
fourteen while using a grid search approach. The activation functions tested included 
Rectified Linear Unit (ReLU) and Sigmoid, with ReLU getting ultimately selected due 
to its improved gradient propagation and mitigation of the vanishing gradient problem. 
Additionally, the learning rate was adjusted within the range of 0.001 to 0.01 by using 
an adaptive learning rate scheduler, and the Adam optimizer was employed given its 
ability to balance computational efficiency and convergence stability. To further address 
potential overfitting, dropout regularization (set at 0.2) and L2 weight decay (λ = 0.001) 
were incorporated.
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To ensure the validity and reliability of the model, k-fold cross-validation (k=5) was 
conducted, allowing for more robust generalization across different data subsets. The 
predictive performance of the model was assessed by using multiple evaluation metrics, 
including Mean Squared Error (MSE) to quantify the overall prediction error, Mean 
Absolute Percentage Error (MAPE) to gauge relative error sensitivity, and the R² score 
to determine the proportion of variance in SC optimization explained by the independent 
variables. Additionally, confusion matrix analysis was performed to assess classification 
accuracy in distinguishing between optimized and non-optimized SCs. The final model 
configuration, identified as the most effective based on validation results, consisted of a 
single hidden layer with six neurons, ReLU activation, an Adam optimizer, and a 60% 
training / 40% testing data partition. This configuration achieved an R² score of 76.2%, 
demonstrating a strong predictive capability. By providing a detailed account of hy-
perparameter selection and validation techniques, this study enhances methodological 
transparency and replicability, ensuring the robustness of findings within the broader 
discourse on I4.0 and SC optimization in emerging economies. 

4. Results 

4.1. Sample Presentation 

To better understand the dynamics that shape SMEs in the face of the challenges of DT and 
I4.0, we took care to create a varied sample, reflecting the diversity of companies accord-
ing to their sector, region, size, and level of turnover. This diversity provides a global vision 
of the different economic and organizational realities of the companies surveyed. Table 2 
presents a summary of the main characteristics of the sample, thus providing a detailed 
overview of the distribution of the companies studied and their structural specificities.

Table 2. Sample presentation

Characteristics N %
Sector

Primary 17 11%
Secondary 84 56%
Tertiary 50 33%

Region
Casablanca-Settat 83 55%
Tangier-Tétouan-Al Hoceima 20 13%
Rabat-Salé-Kénitra 17 11%
Other regions 31 21%

Turnover
< 10M MAD (Moroccan Dirham) 97 64,24%
10M-200M MAD 33 21,85%
> 200M MAD 21 13,91%
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Characteristics N %
Number of employees

1–10 employees 11 7%
11–50 employees 50 33%
50–250 employees 54 36%
> 250 employees 36 24%

Respondent Occupation
Manager 54 36%
Staff 45 30%
Head of Department 39 26%
Director 13 8%

Total 151 100%

The sample studied consists of 151 Moroccan companies, distributed according to several 
characteristics. Regarding the sector of activity, 11% of the companies belong to the primary 
sector (n = 17), 56% are in the secondary sector (n = 84), and 33% are active in the tertiary sector  
(n = 50). For the geographical distribution, most of the companies (n = 83, or 55%) are 
located in the Casablanca-Settat region. The Tangier-Tétouan-Al Hoceima region repre-
sents 13% of the companies (n = 20), followed by the Rabat-Salé-Kénitra region with 
11% (n = 17). The other regions are represented by a total of 21% of the companies (n = 
31). Regarding the turnover, 64.24% of the companies (n = 97) have a turnover of less 
than 10 million dirhams. 21.85% of companies (n = 33) have a turnover of between 10 
and 200 million dirhams, while 13.91% (n = 21) exceed 200 million dirhams. In terms 
of employee size, 7% of the companies (n = 11) employ between 1 and 10 people. 33% 
of companies (n = 50) employ between 11 and 50 people, while 36% (n = 54) employ 
between 50 and 250 people. Finally, 24% of the companies (n = 36) have a workforce of 
more than 250 people. Finally, the distribution according to the position of the respond-
ents shows that 36% of the respondents (n = 54) occupy a managerial position, 30% (n = 
45) are part of the staff, 26% (n = 39) are department heads, and 8% (n = 13) occupy 
director positions.

4.2. Regression Analysis: Neural Network MLP

We begin our analysis by training our model, which is an essential step since it allows 
us to validate its ability to identify, understand, and interpret the relationships between 
the variables studied. This preliminary phase plays a central role in improving the mod-
el’s performance by adjusting its parameters so that to minimize errors and optimize its 
predictive accuracy.

As shown in Table 3, we have implemented 4 forms of partitioning, each time chang-
ing the size of the learning or training partition and the test size. We performed the first 
training run on 50% of the data in Table 3. By generating 8 nodes in the hidden layer, the 
model achieved 75% relevance in the remaining 50% dedicated to testing. We performed 
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the second training run on 60% of the data size. By reducing the test data size to 40% 
this time, we were able to improve the model relevance to 6.3% by generating 14 hidden 
layer nodes. We performed the third training run on a size of 70% of the data, compared 
to 30% of the data dedicated to the test. By generating a node in the hidden layer, we 
experienced a 16.6% decrease in the model’s relevance. Following the same logic, we 
performed the fourth training run on 80% of the data, compared to 20% of the data ded-
icated to the test. This resulted in a 0.4% decrease in the model’s relevance, while main-
taining the same number of nodes within the hidden layer. That said, we chose the most 
relevant model, since relevance simply means a satisfactory ability to predict the data.

Table 3. Partitioning the of model

Dependent 
variable

Number 
of inputs

Number 
of outputs Training Test

Number of 
nodes in the 
hidden layer

Model 
relevance 

(%)

SC 
Optimization

21 1 50% 50% 6 67.6%
21 1 60% 40% 6 76.2%

21 1 70% 30% 3 70.2%

21 1 80% 20% 3 70.7%

We note that, in 94.6% of the cases, the model was able to predict the companies 
which do not have a full optimization of their SCs (i.e., true negative), while in 60% of 
the cases, the companies have an optimization of their SCs (i.e., true positive). On the 
other hand, the model performed poorly in predicting 40% of cases where companies 
with an optimized SC were classified as not having an optimized SC, and 5.4% of the 
cases where companies without an optimized SC were classified as not having an opti-
mized SC. As illustrated in Table 4, the combination of data partitioning with a training/
test ratio of 60%/40% is the most relevant combination, as the model accurately predict-
ed 82.6% of the cases. 

Table 4. Confusion matrix

Confusion matrix Optimized (Planned) Not Optimized (Planned)
Optimized (Observed) 47 9
Not Optimized (Observed) 17 18

After verifying the robustness of the applied model in terms of relevance, we shall 
now evaluate the capacity of the independent variables by using their predictive weights. 
As a reminder, the weighting equation of the MLP neural network is presented in the 
following form:
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The graph below displays a ranking of the variables by degree of importance calculated from a 
weighting function (𝑤𝑤𝑖𝑖). 
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We note that the model assigns a weight to each independent or predictive variable, which reflects 
the level of its sensitivity to influence. This signifies the extent to which a change in the variable 
influences the model. As illustrated in Figure 3, this distribution highlights key factors affecting 
SC optimization. Based on our conceptual framework, we will calculate the accumulation of 
variables according to their category. The sensitivity of the model is influenced by the 
digitalization of company processes at 47.78%, followed by the managerial aspect at 31.74%, the 
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The graph below displays a ranking of the variables by degree of importance calcu-
lated from a weighting function (wi).

Figure 3. Weighting of explanatory variables by nature

We note that the model assigns a weight to each independent or predictive variable, 
which reflects the level of its sensitivity to influence. This signifies the extent to which a 
change in the variable influences the model. As illustrated in Figure 3, this distribution 
highlights key factors affecting SC optimization. Based on our conceptual framework, 
we will calculate the accumulation of variables according to their category. The sensi-
tivity of the model is influenced by the digitalization of company processes at 47.78%, 
followed by the managerial aspect at 31.74%, the strategy aspect at 14.26%, and the fi-
nancial aspect at 6.22%. In other words, the optimization of the SC is heavily influenced 
by the technology used within the company, the applicable managerial methods, the 
company’s strategy, and its financial capacity to invest in technological development and 
enhancement of the SC’s function. From these results, as shown in Figure 3, we find that 
the optimization of the SC is based on a combination of these 4 factors in the following 
proportion: 

Supply chain optimization = 0.47 * digitization + 0.31 * Management +  
0.14 * Strategy + 0.06 * Finance + b	 (4)

These results lead us to accept the four hypotheses.
The findings clearly indicate that optimization extends beyond financing sources. 

Due to technology advancements, accessibility for enterprises, even those with scarce fi-
nancial means, is attainable. The primary problem exists at the organizational level. The 
enterprises capable of effectively realizing this enhancement are those that have opted to 
completely or partly digitize their SCs. Similarly, implementing a proactive management 
strategy aligned with the objectives of DT is crucial to this achievement. Conversely, a 
strategy centered on long-term objectives adds to a diminished degree. 

5. Discussion 

The application of MLP neural networks for SC optimization in Morocco provides valu-
able insights when compared to international practices. In Morocco, (Rezki & Mansouri, 
2023) explored the use of Artificial Neural Networks (ANNs) to enhance SC risk man-
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agement by minimizing subjectivity in human assessments. Their research employed an 
ANN model as a predictive tool for accurate risk level predictions by using real-world 
data from a global automotive company specializing in wiring harnesses, thereby demon-
strating the model’s effectiveness. Internationally, (Guo et al., 2021) utilized MLP neural 
networks to optimize regional logistics demand prediction. Their model, which included 
three hidden layers and was optimized by using Particle Swarm Optimization (PSO), 
showcased high accuracy in forecasting logistics demand. These studies underline the 
effectiveness of MLP models in enhancing SC performance, particularly in contexts with 
access to advanced technologies and diverse datasets. Similarly, studies in developed 
regions, such as Europe and North America, consistently report predictive accuracies 
exceeding 80%, facilitated by larger sample sizes, comprehensive data preprocessing, 
and the use of advanced techniques such as adaptive learning rates and hybrid models. 
By the same token, on the grounds of findings in Morocco, it has been determined that 
digitalization frequently emerges as a dominant factor in SC optimization, underscoring 
its pivotal role in leveraging I4.0 technologies to improve operational efficiency and 
competitiveness (Luthra & Mangla, 2018). 

Based on the results of our study, the four factors exhibit varying degrees of influence 
SC optimization, with each factor demonstrating a distinct level of statistical signifi-
cance. SC optimization is a complex and multidimensional process, and companies are 
constantly looking for ways to improve efficiency, reduce costs, and improve the overall 
performance. Companies can gain a competitive advantage in the market by optimizing 
SC to streamline operations and maximize resources. 

In the Moroccan SC, financial factors only had a small effect (6.22%). This is differ-
ent from other places in the world, where financial resources are essential for keeping 
SC investments going and lowering risks, especially in economies with well-developed 
SC financing systems. Moreover, international models also demonstrate higher method-
ological sophistication, often employing deep learning architectures or integrating real 
time analytics to improve decision making and adaptability. These advanced approaches, 
combined with robust stakeholder engagement, have proven instrumental in optimizing 
SC strategies globally. By benchmarking against such international practices, Moroccan 
companies can enhance their SC models by incorporating real time data streams, adopt-
ing hybrid techniques, and addressing financial constraints more effectively. These ef-
forts would position Moroccan SCs as competitive players in the rapidly evolving global 
economic landscape. 

In fact, four key factors are associated with digital optimization. Financing is a key 
element in SC optimization. Indeed, it is essential for companies involved in internation-
al trade to maintain their competitiveness and reduce costs, as companies always seek to 
consider the financial aspect as a key factor in the continuity of their business activity. 
Moreover, optimizing financial flows can offer untapped cost reduction potential. Any 
SC’s cash flow cycle determines its length. There is no doubt that a successful business 
depends on the accurate and timely delivery of goods or services to its customers. SCM 
aims to minimize mass and time. An efficiently managed SC requires measuring the costs 
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associated with the physical movement of goods and the associated information flows. 
Firms can achieve significant economies of scale in their SC network by identifying 
cost-saving opportunities such as consolidating, reducing inventory levels, or negotiat-
ing better supplier contracts (Uddin et al., 2023). Among the elements that help optimize 
a SC is budget allocation. The latter entails the rational or methodical allocation of finan-
cial resources to various logistics links, including transportation, storage, and purchasing 
(Hong, 2022). Financial risk management is also essential to reduce potential disruptions 
that could affect the SC and lead to financial losses. Management is also an important 
factor in optimizing SC. Effective leadership is essential to set clear goals and expecta-
tions for SC performance through effective leadership and decision-making processes 
while also fostering a culture of collaboration and continuous improvement. Indeed, the 
logistics strategy is an important factor in creating a competitive advantage in an or-
ganization, as its implementation must achieve fundamental long-term objectives in the 
chosen field of activity. In the same context, the decision-making process influences the 
selection of strategic choices for supplier selection, production in advance, order predic-
tions, distribution network management, and inventory management. By defining roles, 
functions, tasks, responsibilities, and internal relationships, the organizational structure 
contributes to the optimization of the SC. Strategy intervenes in SC optimization be-
cause it guides long term planning efforts aimed at improving strategic effectiveness 
and efficiency. Collaboration with stakeholders throughout the SC, including suppliers, 
distributors, and customers, is essential to align interests, foster innovation, and create 
value. Aligning goals across functions within an organization helps ensure that everyone 
is working toward common goals. Coordination improves communication, breaks down 
silos, and facilitates cross-functional problem solving. Digitalization strives to optimize 
and streamline SC processes. The introduction of digitalization results in the automation 
of internal processes, such as warehouse management systems, which can streamline re-
petitive tasks, increase accuracy, and boost productivity. The company can leverage data 
analytics tools in order to gain insights, intelligent forecasts, and informed decisions. 
Companies can collaborate more effectively with their partners, gain real-time visibility 
into their operations, and respond quickly to changing market conditions by adopting 
digital platforms for cloud-based software research and visibility chain solutions. Tech-
nological advances simplify daily operations and enable organizations to quickly adapt 
to customer preferences, demand patterns, new regulations, or emerging SC risks. 

The relatively limited influence of financial resources on SC optimization in Mo-
roccan companies, as revealed by our analysis, may be explained by several contextual 
factors. Unlike in developed economies where financial investment directly correlates 
with technological advancement, Moroccan companies often rely on incremental and 
cost-effective digitalization strategies due to financial constraints. Cloud-based solutions 
which do not cost much and government-backed incentives for digitalization make it 
possible for businesses to use digital tools without having to spend a sizable amount of 
money. Furthermore, because most businesses in Morocco are companies, strategic flex-
ibility and management skills are more important than direct financial investment when 
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it comes to getting past digitalization barriers. To further mitigate these barriers, Moroc-
can companies can leverage collaborative financing mechanisms, such as public-private 
partnerships, industry consortiums, and venture capital investments focused on DT. En-
couraging the development of innovation hubs and digital skills training programs can 
also provide cost-effective pathways to technology adoption. Firms can make SC more 
resilient and competitive, even in environments with limited resources, by putting man-
agement-driven digital strategies ahead of purely financial concerns.

In Europe, DT of a SC is primarily driven by financial factors. Milosavljevic et al.’s 
(2024) study of the automotive sector shows that only large companies are massively 
adopting smart technologies. Moreover, the majority of SMEs remain hampered by a 
lack of financial and human resources. The author highlights that this limitation is vis-
ible in the German-speaking region (DACH), which represents 31% of the companies 
studied, making this cluster the European heart of industrial digitalization. McKinsey 
(2016) highlights that digital SC in Europe is becoming financially accessible, which 
promotes an acceleration of chain flexibility while reducing logistics costs by up to 30% 
and inventories by 75%. This does not prevent mentioning that the continent is still fac-
ing the costly infrastructure, cybersecurity, and technical integration issues, with all of 
these obstacles hindering the diffusion of I4.0 practices beyond the pioneers (Bentaher 
& Rajaa, 2022). In the European context, the DT on of SCs constitutes a strategic pillar 
of current industrial policies, supported by initiatives such as Horizon Europe, Digital 
Europe, or the European Commission’s Industry 5.0 vision, aimed at strengthening the 
resilience, sustainability, and autonomy of value chains (European Commission, 2021). 
However, this digitalization still largely relies on the financial capacity of companies. 
The study by Milosavljevic et al. (2024), conducted in the automotive sector, shows 
that only large companies in Central European countries, particularly in the DACH re-
gion (Germany, Austria, Switzerland), are massively adopting smart technologies, while 
SMEs remain restrained by a lack of financial and human resources. This disparity is 
hampering the homogeneous diffusion of I4.0 practices across the continent. McKinsey 
(2016), however, notes that digitalization is gradually becoming more accessible, al-
lowing significant gains in logistics costs (up to 30%) and inventory levels (up to 75%). 
Nevertheless, some obstacles remain: the cost of infrastructure, insufficient cybersecu-
rity, and the complexity of technical integration (Bentaher & Rajaa, 2022). These diffi-
culties are particularly pronounced in Mediterranean countries such as Italy, Spain, and 
Greece, whose SME-dominated economic structures are strongly reminiscent of those 
of Morocco (Luthra & Mangla, 2018). With this in mind, our study, although anchored 
in a Maghreb context, offers lessons that can be transferred to other economies facing 
similar challenges. By identifying the organizational levers – digitalization, strategy, 
management – that enable the optimization of SCs, it also sheds light on the conditions 
for the success of European policies supporting the digital transition in semi-peripheral 
or emerging industrial contexts.



Othman Boulitama et al. Empirical Analysis of Industry 4.0 Determinants in Moroccan Supply Chains

57

Conclusion 

The optimization of the Moroccan SC relies on the integration of four key factors: digitiza-
tion, management, strategy, and financing. The research findings indicate that digitalization 
plays a dominant role, accounting for 47.78% of the total effect. It is followed by the man-
agement factor, contributing 31.74%, the strategic factor at 14.26%, and finally the finan-
cial factor at 6.22%. These results clearly confirm that the adoption of I4.0 technologies 
offers significant opportunities to enhance the performance of the Moroccan SC.

In addition, the results generated by the neural network model adopted in this study 
confirm that digitalization, identified as the most influential factor, contributed signif-
icantly to the optimized management of information and material flows. Effective co-
ordination and alignment of organizational objectives were primarily ensured by the 
management and strategic factors. Although the financial factor exhibited the lowest 
relative weight, it nonetheless proved essential for supporting technological investments, 
sustaining innovation over time, and ensuring the continuity of financial flows. This 
research has underscored the significance of implementing and overseeing the imple-
mentation of an integrated strategy aimed at transforming SCs into a dynamic and resil-
ient digital ecosystem. Indeed, Moroccan companies with operational SCs in different 
industries must focus their attention on strategies to integrate the four factors whose 
objective is to optimize their competitiveness in an environment characterized by con-
stantly evolving competition. To conclude, future research may build upon this study by 
examining the influence of emerging technologies such as artificial intelligence and Big 
Data on the DT of Moroccan SCs, as well as by assessing the depth and scope of digital 
integration across various sectors.

In fact, enhancing SCs in the era of I4.0 transcends the simple use of innovative tech-
nologies.  This is a global strategy based on digitalization, agile strategic management, 
adaptable organization, and intelligent financial resource allocation.  In fact, investing 
in technologies such as AI, the IoT, and blockchain is increasingly essential. These in-
struments boost SC visibility and transparency, hence improving their operational agility 
and resilience to unforeseen events via increased knowledge.  Effective SCM thus relies 
on competencies tailored for developing digital challenges.  Essential competencies now 
include proficiency in data analysis, assurance of real-time monitoring, and automated 
decision-making.  Strategic planning must also be adaptable and predictive. Integrating 
hybrid models with a variety of providers mitigates risks and enhances the management 
of disruptions. In summary, guaranteeing a good digital transition calls for careful con-
trol of technology expenditures and the development of the appropriate financing sys-
tems. Maximizing ongoing changes relies on an appropriate use of financial resources. 
Integrating these components logically would assist organizations in augmenting their 
competitiveness and improving the efficacy of their SCs in a perpetually evolving eco-
nomic landscape.
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