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Abstract. Cold chain logistics plays a critical role in ensuring the safety and quality of perishable products,
particularly in rapidly growing sectors such as agri-food and pharmaceuticals. This study proposes an exploratory
approach combining Principal Component Analysis (PCA) and supervised learning models to support warehouse
location decisions.

The analysis is based on a dataset covering 10 logistics zones in the Casablanca region and includes key variables
such as distance, transport speed, and delivery duration. Principal Component Analysis is applied to reduce
dimensionality and identify the main structural patterns in the data, with the first two principal components explaining
approximately 95% of the total variance.

These components are then used as input variables in supervised learning models, including Linear Regression,
Support Vector Machine (SVM), and Random Forest, to predict logistics demand. Given the limited sample size, a
leave-one-out cross-validation (LOOCV) approach is adopted to ensure model evaluation.

The results indicate that the Random Forest model achieves the best predictive performance (𝑅𝑅2 = 0.38),
outperforming both Linear Regression (𝑅𝑅2 = 0.08) and SVM (𝑅𝑅2 = 0.15). However, the overall predictive
performance remains moderate, reflecting the limited size of the dataset and the complexity of demand dynamics.

Although the findings remain exploratory, the proposed framework provides useful insights into the structuring of
logistics zones and highlights the potential of combining dimensionality reduction and machine learning techniques
for supporting warehouse location planning. Further research based on larger datasets and additional variables is
required to enhance the robustness and practical applicability of the approach.

Keywords: Cold chain logistics, Warehouse location, Principal Component Analysis, Machine learning, Demand
prediction , Logistics optimization.

1. Introduction

The cold chain plays a critical role in ensuring the safety
and quality of perishable products during storage and
transportation(Ivanov, 2021). Its effectiveness is essen-
tial at every stage of handling. The rapid growth of the
agri-food and pharmaceutical sectors in Morocco has sig-
nificantly increased the demand for efficient , resilient, and
well-structured cold chain logistics networks(Ivanov, 2021;
Nan, 2025), particularly in large urban areas such as the
Casablanca region. Previous research in logistics network
design has primarily focused on cost reduction and facility
location models(Ivanov & Dolgui, 2020).

Although previous studies have provided relevant in-
sights into demand distribution and service reliability, they
remain mainly descriptive and do not fully exploit the
predictive potential of the available data. As a result.
Logistics decision-making involves multiple interrelated
factors, including geographic distance, transport speed, and
delivery duration, which makes the analysis methodolog-

ically complex. Furthermore, only a limited number of
studies have combined dimensionality reduction techniques
with supervised learning models to move from descriptive
analysis toward predictive insights. In recent years, ma-
chine learning techniques have emerged as powerful tools
in supply chain management(Toorajipour et al., 2021; Ab-
dallah & Mansouri, 2024 ), enabling improved prediction
and decision-making capabilities ( Minaee et al., 2021). In
this context, this study proposes an exploratory approach
combining Principal Component Analysis (PCA) and su-
pervised learning models. The objective is to provide a
structured analytical framework to support warehouse loca-
tion decisions, rather than to propose a formal optimization
model. PCA is used to reduce dimensionality and identify
the main structural patterns in the logistics data (Jolliffe
& Cadima, 2016), while supervised learning models are
employed to assess their predictive capacity with respect to
demand.

The methodology is applied to a case study involving
ten logistics zones in the Casablanca region. Each zone
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includes between three and six clients, for a total of 64
clients across all zones. Although the dataset remains lim-
ited, it reflects a diversity of logistics profiles, enabling an
exploratory analysis of the relationships between variables.
The results provide indicative insights into the structuring
of logistics zones and highlight the relevance of combining
dimensionality reduction and machine learning techniques
in data-constrained environments.

The remainder of this paper is organized as follows. The
second section presents the data and the methodological
framework. The third section discusses the results of the
analysis and predictive modeling. Finally, the last section
concludes the study and outlines future research directions.

2. Methodology

As illustrated in Fig. 1, the methodology adopted follows
a structured process consisting of five main stages, rang-
ing from data collection and organization to predictive
modeling. This methodological framework integrates data
preprocessing, dimensionality reduction, and supervised
learning techniques to analyze logistics characteristics and
provide analytical support for warehouse location decisions.

Fig. 1. Proposed five-step methodological framework.

2.1 Data Collection and Structuring

This study is based on a dataset organized in the form of a
structured table (Table 1) and represented as a data matrix.
The variables analyzed include average delivery distance,
average transport speed, delivery duration, and logistics
demand.

This matrix representation makes it possible to apply
statistical and mathematical methods. It provides the foun-
dation for the subsequent steps, including data standardiza-
tion, dimensionality reduction using Principal Component
Analysis (PCA), and supervised learning modeling. The
demand variable is included in the dataset but is not used
in the PCA; it is considered only as the target variable in
the modeling phase.

Table 1. Structured Logistics Dataset for the Casablanca
Zones

Zone x1 (Distance km) x2 (Speed km/h) x3 (Duration h) x4 (Demand kg)

Casa 1 53 44 4 495
Casa 2 22 32 5 645
Casa 3 29 35 5 680
Casa 4 20 45 5 660
Casa 5 25 47 5 550
Casa 6 24 31 5 670
Casa 7 30 32 4 610
Casa 8 29 43 4 610
Casa 9 58 70 4 575
Casa 10 70 51 5 455

2.2 Descriptive Statistical Analysis

A descriptive statistical analysis was conducted to examine
the main characteristics of the logistics variables considered
in this study, namely delivery distance, transport speed, and
delivery duration. This analysis is based on key indicators
such as the mean and the standard deviation, which are
used to assess the central tendency and dispersion of the
data, respectively (James et al., 2021).

The mean of a variable ( x ) with ( n ) observations is
defined as:

𝑥𝑥 =
1
𝑛𝑛

𝑛𝑛∑︁
𝑖𝑖=1

𝑥𝑥𝑖𝑖 (1)

The standard deviation is given as follows:

𝜎𝜎 =


1
𝑛𝑛

𝑛𝑛∑︁
𝑖𝑖=1

(𝑥𝑥𝑖𝑖 − 𝑥𝑥)2 (2)

These indicators help identify differences in scale be-
tween variables and justify the need for data standardization
prior to the application of Principal Component Analysis
(PCA)(Géron, 2022). The results of this descriptive analy-
sis are presented in Table 2.

Table 2. Descriptive Statistics for Logistic Variables

Variable Mean 𝑥𝑥 Standard Deviation 𝜎𝜎

Distance (km) 36 17.57
Speed (km/h) 43 11.58
Duration (h) 4.6 0.48

2.3 Data Centering and Scaling

To eliminate scale effects between variables and ensure their
comparability, the explanatory variables (delivery distance,
transport speed, and delivery duration) were subjected to
a centering and scaling procedure. The logistics demand
variable is not included in this transformation, as it is used
only as the target variable in the predictive modeling stage.
The standardization is defined as follows:

𝑌𝑌𝑖𝑖 𝑖𝑖 =
𝑋𝑋𝑖𝑖 𝑖𝑖 − 𝑋̄𝑋 𝑗𝑗

𝜎𝜎𝑗𝑗

(3)

This transformation produces a centered and reduced
data matrix in which each variable has a mean equal to zero
and a variance equal to one. It also ensures that all variables
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To eliminate scale effects between variables and ensure their
comparability, the explanatory variables (delivery distance,
transport speed, and delivery duration) were subjected to
a centering and scaling procedure. The logistics demand
variable is not included in this transformation, as it is used
only as the target variable in the predictive modeling stage.
The standardization is defined as follows:
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This transformation produces a centered and reduced
data matrix in which each variable has a mean equal to zero
and a variance equal to one. It also ensures that all variables

contribute equally to the subsequent analysis(Géron, 2022;
James et al., 2021).

The standardized data matrix constitutes the basis for
computing the correlation matrix and for the subsequent
application of Principal Component Analysis (PCA). The
results of this transformation are presented in Table 3.

Table 3. Standardized data matrix of explanatory variables.

Zone Y1 (Distance) Y2 (Speed) Y3 (Duration)
Casa 1 0.974212034 0.086355786 -1.25
Casa 2 -0.802292264 -0.949913644 0.833333333
Casa 3 -0.401146132 -0.690846287 0.833333333
Casa 4 -0.916905444 0.172711572 0.833333333
Casa 5 -0.630372493 0.345423143 0.833333333
Casa 6 -0.687679083 -1.036269430 0.833333333
Casa 7 -0.343839542 -0.949913644 -1.25
Casa 8 -0.401146132 0 -1.25
Casa 9 1.260744986 2.331606218 -1.25
Casa 10 1.948424069 0.690846287 0.833333333

2.4 Principal Component Analysis (PCA)

After the data standardization step, Principal Component
Analysis (PCA) is applied to the explanatory variables
(delivery distance, transport speed, and delivery duration)
in order to reduce the dimensionality of the dataset while
retaining most of the information.

PCA can be based on either the covariance matrix or the
correlation matrix. In this study, since the variables have
been previously centered and scaled, PCA is performed
using the correlation matrix, which ensures comparabil-
ity between variables and avoids scale effects(Jolliffe &
Cadima, 2016).

Principal Component Analysis is a statistical method
that creates new independent components from correlated
variables in order to simplify the dataset while retaining
most of its information(Jolliffe & Cadima, 2016; Lever
et al., 2020). The principal components are obtained by
solving the following eigenvalue problem(Abdi & Williams,
2010):

𝑅𝑅𝑅𝑅𝑘𝑘 = 𝜆𝜆𝑘𝑘𝑣𝑣𝑘𝑘 (4)

where 𝜆𝜆𝑘𝑘 represents the eigenvalues and 𝑣𝑣𝑘𝑘 the correspond-
ing eigenvectors.

Each principal component explains a portion of the
total variance of the dataset. The proportion of variance
explained (inertia) is defined as:

Inertia𝑘𝑘 =
𝜆𝜆𝑘𝑘∑𝑝𝑝

𝑗𝑗=1 𝜆𝜆 𝑗𝑗

(5)

The cumulative explained variance is used to determine
the number of components to retain. In this study, the
first two principal components explain approximately 95%
of the total variance, enabling effective dimensionality
reduction while preserving most of the information(Lever
et al., 2020).

The selected principal components are then used as input
variables in the subsequent supervised learning models.

2.5 Supervised Learning Modeling

A supervised learning phase was implemented to assess
the predictive performance of the principal components
obtained from Principal Component Analysis (PCA). The
first two components (PC1 and PC2), which capture most of
the total variance, were used as explanatory variables, while
logistics demand (kg) was explicitly defined as the target
variable to be predicted. The objective of this modeling
phase is to evaluate the ability of the principal components
to predict logistics demand and to identify the most suitable
model for this task.

Three supervised learning models were employed: Lin-
ear Regression, Random Forest, and Support Vector Ma-
chine (SVM), with the aim of comparing their predictive
performance and determining whether the relationship be-
tween logistics variables and demand is linear or non-linear.
Random Forest is particularly effective due to its ability to
capture complex and non-linear relationships in the data
(Géron, 2022), while Support Vector Machines are widely
used for regression tasks in high-dimensional contexts
(James et al., 2021).

Given the limited sample size (10 areas), a leave-one-out
cross-validation (LOOCV) procedure was adopted to ensure
a robust and reliable evaluation of model generalization.
This validation technique is especially suitable for small
datasets (James et al., 2021).

Model performance was assessed using standard met-
rics, namely the coefficient of determination (R²), root mean
square error (RMSE), and mean absolute error (MAE),
which are commonly used to evaluate predictive accuracy
in supervised learning models (James et al., 2021).

3. Results and Discussion

The correlation analysis presented in Table 4 highlights a
strong positive relationship between distance and speed (r =
0.84). In contrast, demand shows negative associations with
both distance (r = -0.71) and speed (r = -0.63). Delivery
duration appears to have a negligible relationship with
demand (r = 0.02), suggesting a limited influence on demand
variability.

These results suggest that demand tends to be higher in
closer areas, while higher speeds are generally associated
with longer distances. The weak correlation between
delivery duration and demand indicates that delivery time
may not be a key factor influencing demand variation.

The demand variable is considered here only for ex-
ploratory analysis in order to examine its relationship with
the explanatory variables. However, in accordance with the
adopted methodology, the demand variable is not used in
the Principal Component Analysis (PCA), which is applied
exclusively to the explanatory variables (distance, speed,
and duration).

These relationships should be viewed as general trends
rather than direct cause-and-effect links, and the findings
should be considered preliminary rather than definitive
conclusions.
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Table 4. Correlation Matrix of Logistics Variables

Variable Distance Speed Duration Demand
Distance 1 0.84 -0.26 -0.71
Speed 0.84 1 -0.12 -0.63
Duration -0.26 -0.12 1 0.02
Demand -0.71 -0.63 0.02 1

The results obtained from Principal Component Anal-
ysis (PCA), applied to the three explanatory variables
(distance, speed, and delivery duration), lead to the identifi-
cation of three eigenvalues, each associated with a principal
component. The decomposition of the correlation matrix
provides the following eigenvalues:

𝜆𝜆1 = 1.919, 𝜆𝜆2 = 0.933, 𝜆𝜆3 = 0.148.

As shown in Table 5, the first component explains 63.97%
of the total variance, the second 31.10%, while the third
contributes only marginally (4.93%).

Table 5. Eigenvalues, Inertia, and Cumulative Inertia

Axis Eigenvalue Inertia Cum. Inertia
Axis 1 1.919 0.640 63.97%
Axis 2 0.933 0.311 31.10%
Axis 3 0.148 0.049 4.93%

As illustrated in Figure 2, the correlation circle high-
lights the projection of the variables onto the first two
principal components. The analysis of the associated eigen-
vectors confirms that the first principal component is mainly
influenced by distance (−0.690) and speed (−0.667), while
delivery duration has a smaller contribution (0.282). The
second principal component is strongly dominated by de-
livery duration (0.952), with the other variables making
only a marginal contribution.

Fig. 2. Correlation circle of variables based on Principal
Component Analysi.

The first two principal components together account
for approximately 95% of the total variance (63.97% for

the first and 31.10% for the second), which exceeds the
commonly accepted threshold of 80% for a reliable data
representation. Therefore, retaining only the first two
principal components is justified, as they preserve most of
the information while simplifying the structure of the data.

Figure 3 presents the projection of logistics zones
on the factorial plane defined by the first two principal
components (PC1–PC2). This representation highlights
the structuring of the zones into several distinct groups
according to their logistics characteristics. Some zones
appear close to each other, suggesting similar profiles,
while others are more isolated in the factorial space,
indicating more specific characteristics.

Based on this projection, several coherent groupings
can be identified. In particular, Casa 3, Casa 8, and Casa
10 form a compact group, while Casa 6 and Casa 7 are also
located in close proximity. Another group includes Casa
4 and Casa 5, whereas Casa 1 and Casa 9 exhibit more
distinct profiles. These groupings can be interpreted as
relatively homogeneous logistics clusters.

From an operational perspective, a potential configura-
tion based on four warehouses can be considered, where
each warehouse serves a group of zones with similar lo-
gistics characteristics. This choice is supported by the
structure observed in the factorial plane, which reveals four
distinguishable clusters. However, this proposal remains
exploratory and should be further validated by incorporat-
ing additional constraints, such as economic, geographical,
and operational factors.

Fig. 3. Projection of logistics zones on the factorial plane
defined by the first two principal components (PC1–PC2).

The performance of the supervised learning models is
evaluated using the indicators R², RMSE, and MAE, as
presented in Table 6 . The results show that the Random
Forest model achieves the best predictive performance, with
an R² of 0.375, an RMSE of 58.97, and an MAE of 46.27.
In comparison, the Support Vector Machine (SVM) shows
intermediate performance (R² = 0.152, RMSE = 69.55,
MAE = 54.55), while Linear Regression exhibits the lowest
performance (R² = 0.083, RMSE = 87.31, MAE = 67.17).

The results indicate that the Random Forest model
provides the most accurate predictions compared to the
other models. This suggests that non-linear approaches are
more effective in capturing the relationship between the
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The performance of the supervised learning models is
evaluated using the indicators R², RMSE, and MAE, as
presented in Table 6 . The results show that the Random
Forest model achieves the best predictive performance, with
an R² of 0.375, an RMSE of 58.97, and an MAE of 46.27.
In comparison, the Support Vector Machine (SVM) shows
intermediate performance (R² = 0.152, RMSE = 69.55,
MAE = 54.55), while Linear Regression exhibits the lowest
performance (R² = 0.083, RMSE = 87.31, MAE = 67.17).

The results indicate that the Random Forest model
provides the most accurate predictions compared to the
other models. This suggests that non-linear approaches are
more effective in capturing the relationship between the

explanatory variables and logistics demand. In contrast,
the lower performance of linear regression highlights the
limitations of assuming a strictly linear relationship between
variables.

Despite these results, the overall performance of the
models remains moderate. This can largely be explained
by the limited sample size (10 zones), which restricts the
models’ ability to generalize. Furthermore, the use of
only two principal components as explanatory variables,
although effective for simplifying the data, may lead to a
partial loss of relevant information for demand prediction.

Therefore, these results should be interpreted with
caution, and further improvements could be achieved by
increasing the dataset size or incorporating additional ex-
planatory variables.

Table 6. Performance of supervised learning models based
on R², RMSE, and MAE

Model R² RMSE MAE
Linear Regression 0.083 87.31 67.17
SVM 0.152 69.55 54.55
Random Forest 0.375 58.97 46.27

The predicted demand values were obtained using the
Random Forest model, with the principal components (PC1
and PC2) as explanatory variables. The estimates were
generated using the *predict()* function applied to the
trained model.

A comparison between the actual and predicted demand
is presented in Table 7, where the error is calculated as
the difference between actual and predicted values (Error
= Actual Predicted). The results show that the estimated
values are generally close to the observed ones, although
some discrepancies remain for certain zones. The error,
defined as the difference between actual and predicted
demand, provides an indication of the model’s accuracy:
values close to zero reflect good predictions, whereas
larger positive or negative values indicate greater deviations.
Overall, the model captures the general trend of demand
while highlighting some limitations in predictive precision.

Table 7. Comparison between actual and predicted logistics
demand using the Random Forest model

Zone Demande réelle Demande prédite Erreur
Casa 1 600 561.92 38.08
Casa 2 550 553.19 -3.19
Casa 3 580 550.64 29.36
Casa 4 400 441.45 -41.45
Casa 5 420 443.64 -23.64
Casa 6 500 495.48 4.52
Casa 7 480 488.46 -8.46
Casa 8 560 550.90 9.10
Casa 9 390 433.71 -43.71
Casa 10 570 548.54 21.46

4. Conclusion

This study proposes a hybrid approach that combines Prin-
cipal Component Analysis (PCA) with supervised learning
techniques to support warehouse location decisions in cold
chain logistics. The main contribution of this work lies
in integrating dimensionality reduction with predictive
modeling in order to simplify complex logistics data while
preserving the most relevant structural information.

From a practical perspective, the proposed approach
provides decision-makers with a structured representation
of logistics zones, facilitating more coherent warehouse
configurations and improved resource allocation. The find-
ings also highlight the effectiveness of non-linear models,
particularly Random Forest, in capturing complex relation-
ships between logistics variables and demand.

However, several limitations should be acknowledged.
The relatively small sample size (10 zones) limits the
generalization capability of the models and may affect the
reliability of the predictions. In addition, the use of a
limited number of principal components, although useful
for reducing dimensionality, may lead to a partial loss of
relevant information for demand estimation.

Future research could address these limitations by ex-
panding the dataset, incorporating additional explanatory
variables, and exploring more advanced machine learn-
ing techniques. Furthermore, the integration of advanced
visualization methods, such as 3D or multi-dimensional
representations, could enhance the interpretation of results
and support more intuitive decision-making in complex
logistics environments. Finally, incorporating recent devel-
opments in artificial intelligence and logistics optimization
could further improve the performance and applicability of
the proposed framework.
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