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Abstract

The rapid growth of e-commerce has intensified last-mile delivery activities in urban areas,
creating challenges for city logistics systems related to operational efficiency, congestion,
and environmental impacts. In this context, understanding the factors that influence
customer satisfaction with logistics operators is increasingly important, as mismatches
between customer expectations and delivery service characteristics may lead to opera-
tional inefficiencies such as failed delivery attempts and repeated delivery rounds. This
study proposes a machine learning framework for predicting customer satisfaction with
postal and logistics operators in urban delivery systems using survey data on customer
characteristics, preferences, and service perceptions. Several machine learning algorithms
were developed and evaluated to identify the key determinants of customer satisfaction
and assess their predictive performance. Beyond predictive accuracy, the study interprets
customer satisfaction as an indicator of the alignment between customer expectations and
delivery service configurations. Improved alignment may support service configurations
that reduce delivery mismatches and repeated delivery attempts, which are recognized
as a significant source of additional transport activity in urban freight systems. By iden-
tifying customer segments whose expectations are not adequately addressed by existing
delivery services, the proposed framework can support more informed service design and
operational decision-making. From a city logistics perspective, the potential reduction
in failed deliveries and repeated delivery rounds may contribute to lower vehicle kilo-
meters travelled, congestion, energy consumption, and emissions associated with urban
freight transport, although these operational and environmental indicators were not di-
rectly measured in this study. The proposed approach therefore provides a data-driven
decision-support tool that can help operators improve service quality and serve as a ba-
sis for future integration with operational and environmental indicators in sustainable
last-mile delivery planning.

Keywords: machine learning; postal; city logistics; operator selection; urban sustainability;
predictive modeling; customer satisfaction
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1. Introduction
The rapid growth of e-commerce has significantly transformed urban freight transport

systems, particularly in relation to last-mile delivery operations. Increasing volumes of
small parcel shipments have intensified delivery activities in densely populated urban
areas, contributing to higher traffic congestion, increased vehicle kilometers travelled, and
greater environmental pressure associated with urban freight transport [1–3]. As cities
continue to experience growth in online shopping demand, improving the efficiency and
sustainability of last-mile logistics has become a major challenge for both logistics operators
and urban planners.

One of the key operational challenges in urban parcel delivery systems is the occur-
rence of failed delivery attempts. When deliveries cannot be successfully completed during
the first attempt, additional delivery rounds are required, increasing operational costs and
generating additional transport activity within already congested urban environments. Re-
peated delivery attempts therefore represent an important source of inefficiency in last-mile
logistics and contribute to increased emissions and environmental pressures associated
with urban freight transport [4,5]. In this context, customer behavior and expectations play
a significant role in shaping the performance of urban delivery systems [6]. Misalignment
between customer preferences and service characteristics may increase the likelihood of
delivery disruptions and unsuccessful delivery attempts. Therefore, understanding the
determinants of customer satisfaction can provide valuable insights for improving delivery
service design and operational planning in city logistics systems [7–9].

However, in urban contexts, customer-related decisions extend beyond market out-
comes [10]. Customer choices regarding logistics operators and delivery options may
indirectly influence delivery success rates and the frequency of repeated delivery attempts,
thereby affecting overall transport activity. In densely populated urban environments, even
small variations in delivery success can lead to significant changes in vehicle kilometers
travelled and the intensity of freight movements. Consequently, customer behavior should
be considered as a driver of urban logistics system performance, with implications for both
operational efficiency and environmental impact [11,12].

While contemporary logistics increasingly adopts customer-oriented approaches sup-
ported by CRM and data-driven tools [13,14], these approaches are still predominantly
applied in the context of improving operator performance. In urban delivery systems,
however, the relationship between customer expectations and service configurations has
broader implications, as inconsistencies between them may contribute to inefficient delivery
processes and increased transport activity.

Despite research on sustainable urban logistics and freight-related environmental
impacts [15,16], the role of customer-driven operator selection in shaping these outcomes
remains insufficiently addressed. Existing machine learning applications are largely frag-
mented and predominantly oriented towards operator side optimization, with limited
emphasis on customer satisfaction as a predictive and system relevant variable.

These limitations point to the need for approaches that explicitly integrate customer
behavior into the analysis of urban logistics systems. Accordingly, this study develops a
customer profile based model for postal and logistics operator selection, with the aim of
improving the alignment between demand and service provision. By positioning customer
satisfaction as a predictive component, the proposed approach contributes to a better un-
derstanding of demand allocation mechanisms in urban freight systems and their potential
indirect implications for transport efficiency and environmental pressure. Accordingly,
the empirical scope of this study is limited to the prediction of customer satisfaction and
the selection of postal and logistics operators. The proposed relationships with delivery
efficiency, failed and repeated delivery attempts, transport activity, and environmental
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outcomes are conceptually and theoretically grounded, but they are not empirically vali-
dated within the present study because the corresponding operational and environmental
indicators were not included in the available dataset.

The paper is structured into six sections. Following this introduction, Section 2
provides a review of relevant literature on city logistics, operator performance indicators,
environmental impacts, customer profiling, and the application of machine learning in
postal and logistics systems. Section 3 describes the research methodology, including data
collection, preprocessing, and model construction. Section 4 presents the results and model
performance evaluation. Section 5 discusses the research findings, with particular emphasis
on sustainability implications and decision-support relevance for operators and users.
Finally, Section 6 summarizes the main conclusions of the study, outlines its limitations,
and suggests directions for future research.

2. Literature Review
City logistics is no longer just an operational segment of supply chains. In modern

cities, it takes place within a complex environment shaped by intensified consumption
patterns, spatial constraints and growing concerns about air quality and transport emissions.
Postal and logistics activities, while essential for the functioning of the urban economy,
simultaneously contribute to cumulative pressures on mobility systems and environmental
performance. Their role is therefore twofold: they enable urban life but also affect its
ecological balance [1,4,17].

These interdependencies cannot be examined from a single analytical angle. A more
layered perspective is needed, one that views operators, customers, performance structures
and technological instruments as interconnected components of a wider urban system. In
this context, urban and sustainability aspects are not treated as a separate analytical layer,
but are embedded within each thematic segment of the review. Accordingly, the literature
review is structured into three interrelated sections. The first section examines postal
and logistics operators together with the conceptual foundations of customer profiling,
emphasizing their relevance within urban service environments. The second section
analyzes performance indicators, considering them not only as internal management
measures but also as variables with wider operational and sustainability implications. The
third section addresses the application of machine learning in postal and logistics systems,
focusing on its predictive capabilities and its role in supporting structured decision-making
in complex urban contexts.

2.1. Roles of Postal and Logistics Operators and Customer Profile Definition

Postal and logistics systems represent a key link between supply and demand, enabling
the movement of shipments from sender to recipient and supporting the continuity of sup-
ply chains [18]. Logistics operators play a central role by providing transport, warehousing,
and increasingly integrated services adapted to diverse customer requirements [19,20]. In
urban environments, these systems extend beyond purely operational functions, as delivery
activities interact with traffic conditions, spatial constraints, and environmental factors.
As a result, both operators and users can be understood as participants in broader urban
systems whose actions influence congestion patterns, the spatial distribution of freight
flows, and local environmental exposure [1,2,4,21].

The structure and capabilities of logistics operators vary depending on the level
of service integration, ranging from basic service provision to advanced coordination
of sup-ply chain activities supported by information and communication technologies
(ICT) [22,23]. Similarly, postal and courier services operate within different institutional
and market frameworks, from public service provision to competitive courier, express, and
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parcel (CEP) markets. These differences affect service flexibility, delivery organization, and
responsiveness to customer demand.

Customer segments in postal and logistics systems generate different types of delivery
flows (e.g., B2B, B2C, C2C), which vary in volume, spatial distribution, and service require-
ments [24,25]. These heterogeneous demand patterns reflect the diversity of user needs
and represent an important component in the organization of urban freight systems.

Customer profiling provides a structured basis for analyzing user behavior in postal
and logistics systems. These profiles are commonly defined through demographic and
geodemographic characteristics that influence service usage patterns [26,27]. Previous
research indicates that factors such as gender, age (for individuals) or years of opera-
tion (for legal entities), status, income, and education affect the adoption and intensity
of e-commerce and delivery services [28–31], while spatial context further shapes service
use depending on urban or rural environments and the availability of alternative chan-
nels [32–35]. These demographic and geodemographic characteristics provide a general
understanding of service usage patterns; however, they do not fully explain customer
decision-making. Therefore, the literature emphasizes service related requirements and
preferences as key determinants of operator selection and satisfaction. Among these, de-
livery time is frequently emphasized as a key determinant of customer satisfaction [7,36],
followed by shipment security [37] and price [7], while the use of ICT is increasingly recog-
nized as a relevant factor in service evaluation [38]. In addition to these core factors, the
literature also highlights the role of convenience, reliability, and operator accessibility in
shaping customer satisfaction [9]. Further relevant aspects include strategic partnerships,
employee and information quality, as well as network coverage and service range, which
contribute to overall service evaluation [7,38].

Although the existing literature identifies relevant demographic, geodemographic,
and service-related factors, these elements have not been systematically integrated into a
formal customer profile suitable for quantitative modelling. Building on these literature-
derived dimensions, this study develops a structured mathematical representation of the
customer profile in Section 3.2.1.

2.2. Performance Indicators of Postal and Logistics Operators and Their Sustainability Implications

Performance indicators are used to evaluate service provision and support decision-
making in postal and logistics systems, including their broader operational and environ-
mental implications [39]. In the literature, they are commonly grouped into operational,
financial, and customer-oriented dimensions, reflecting different aspects of system perfor-
mance [40,41]. Among these, customer satisfaction and profiling are increasingly examined
due to their relationship with service quality, loyalty, and long-term business outcomes [42–45].
Previous studies show that delivery performance, reliability, and information transparency
influence customer perceptions and service evaluation, while trust and cooperation con-
tribute to more stable customer–operator relationships [46,47].

From a system perspective, these dimensions are not independent. Operational
performance, financial outcomes, and customer satisfaction interact and jointly shape the
functioning of postal and logistics services. In this context, customer satisfaction can be
interpreted not only as an outcome of service quality, but also as a factor influencing
demand patterns and service utilization. Accordingly, this paper considers customer
satisfaction as a measurable component that enables the joint analysis of user preferences
and operator performance in the process of operator selection.

In recent research, postal and logistics performance has also been examined in relation
to environmental outcomes. Empirical evidence based on the Logistics Performance Index
(LPI) indicates that improvements in different operational dimensions may have varying
environmental effects [5]. For instance, while certain aspects of logistics organization are
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associated with lower emissions, increased emphasis on delivery speed and strict schedul-
ing may lead to higher transport intensity and energy use. These findings suggest that
improvements in logistics performance do not necessarily correspond to reduced envi-
ronmental impact. Instead, their effects depend on how service operations are structured
and implemented. Additional studies further confirm the interdependence between lo-
gistics efficiency, energy consumption, and environmental pressure at both regional and
international levels [48,49].

Within urban contexts, such relationships become more pronounced, as logistics activities
are embedded in existing traffic systems and spatial constraints. Consequently, performance
indicators should be interpreted not only as internal management tools, but also as variables
reflecting broader patterns of urban flows and environmental exposure [50,51].

2.3. Machine Learning in City Logistics Systems

Machine learning (ML) represents a core component of artificial intelligence, enabling
the extraction of patterns from data and the generation of predictive insights without
explicit programming [52,53]. Its application typically involves data preparation, model
training, validation, and implementation within operational environments [2,54].

In postal and logistics systems, ML has been primarily applied to operator-oriented
tasks, including customer churn prediction [55], price and demand estimation [56], freight
classification and product clustering [57], and competitiveness analysis [58]. These
approaches contribute to improved operational efficiency and competitiveness, while
customer-related aspects are often addressed indirectly through service performance met-
rics such as time, cost, and reliability. Some studies extend this perspective by incorporating
customer satisfaction through hybrid or perception-based approaches, including survey-
based evaluation frameworks and analysis of user-generated data [59,60]. Nevertheless,
customer satisfaction is rarely treated as an explicit predictive variable within decision-
support models. While these applications demonstrate strong predictive performance, they
typically rely on single-operator or proprietary datasets and rarely report interpretability or
robustness checks (e.g., cross-validation, predictor-importance analysis), which limits their
transferability and managerial applicability beyond the specific operational context studied.

Traditional evaluation approaches, such as SERVQUAL and Kansei-based methods,
provide structured insights into service quality and customer perception [61,62]. However,
these approaches are generally descriptive and limited in their ability to support predictive
and data-driven decision-making.

Several studies attempt to integrate operator and customer perspectives within broader
logistics frameworks. These include applications focused on delivery time prediction,
network design, and urban distribution planning, often combining machine learning with
optimization and spatial analysis techniques [63–65]. More recent approaches incorporate
sustainability considerations through the use of AI-based optimization and alternative
delivery concepts, demonstrating improvements in operational performance alongside
reductions in energy use and emissions [66,67].

At the same time, the role of ML in logistics has expanded beyond efficiency-oriented
applications towards the analysis of environmental and urban system dynamics. Recent
studies apply ML techniques to emission prediction, energy optimization, route planning,
and the analysis of freight movement patterns in urban environments [2,68–71]. In parallel,
methods such as sentiment analysis and natural language processing are used to examine
user perceptions of logistics systems and their impacts within cities [60]. However, many
of these models rely on complex, low-interpretability architectures (e.g., deep learning,
LSTM) without accompanying explainability analysis, and they are rarely linked back to
customer-level behavioral drivers, leaving a disconnect between environmentally oriented
modelling and the demand-side factors that ultimately shape delivery activity.
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From a methodological perspective, a wide range of techniques has been applied, in-
cluding classification, regression, ensemble, and deep learning approaches. These methods
differ in terms of interpretability, flexibility, and predictive performance, and are often
selected depending on the complexity of the problem and the structure of available data.
To provide a clearer comparative synthesis of the existing literature and to distinguish the
present study from previous machine learning and data-driven applications in postal and
urban logistics, Table 1 summarizes representative studies according to their data type and
source, applied methods, and main contribution.

Table 1. Comparative overview of selected machine learning and data-driven studies in postal and
urban logistics.

Ref. Data Type and Source Applied Method(s)/
Algorithm(s) Main Contribution

[2] Published studies Literature review of ML and
ANN applications

Reviews ML and ANN
applications for reducing urban

greenhouse gas emissions.

[55]
E-commerce transactions,
reviews, geolocation, and

census data

Logistic Regression, XGBoost,
topic modelling, DBSCAN, PCA,

and XAI

Predicts e-commerce customer
churn.

[56] Purchase history, transactions,
and customer feedback

Multiclass Decision Forest,
Logistic Regression, and

One-vs-All

Predicts product prices, demand,
discounts, and continuity from

customer behavior.

[57] Electronic waybill and order
data from transport company IBk, SMO, and LMT Predicts freight type from

electronic waybill data.

[58]
Questionnaire and

competitiveness indicators for
12 enterprises

SEM, Nested Logit, SEM–NL,
factor analysis, and PCA

Evaluates logistics
competitiveness and

logistics-mode choice.

[59] Delivery-service and customer
satisfaction data

Blockchain, LSTM, and smart
contracts

Predicts delivery satisfaction and
supports automated

compensation decisions.

[60] 111,265 city logistics-related
tweets

NLP, SVD, K-Means, t-SNE, and
VADER

Identifies city logistics topics and
public sentiment.

[61] Questionnaire data from
400 postal users

SERVQUAL and non-parametric
statistical tests

Measures gaps between expected
and perceived postal service

quality.

[62] Questionnaire data from
logistics users

Modified Kansei, SERVQUAL,
EFA, and CFA

Examines service quality,
satisfaction, commitment, and

loyalty.

[63] Retail delivery, customer, traffic,
and location data

Clustering, optimization,
simulation, and deep

reinforcement learning

Develops a data-driven
framework for improving urban

last-mile routing, vehicle use, and
decision making.

[64]
Large-scale Canada Post parcel,
origin–destination, and weather

data

Convolutional neural networks
and baseline ML models

Develops an end-to-end
deep-learning model for

predicting last-mile parcel
delivery time.

[65]
More than 30,000 pickup and

delivery records from a courier
operator

K-means++, Elbow and Silhouette
methods, and GIS

Determines the optimal number
and locations of postal centers.
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Table 1. Cont.

Ref. Data Type and Source Applied Method(s)/
Algorithm(s) Main Contribution

[66]
Pre- and post-implementation
logistics data from a logistics

operator

AI route optimization, fleet
coordination, energy

management, and EV-based
delivery

Demonstrates that AI–EV
integration can improve delivery
time, energy efficiency, fleet use,

customer satisfaction, and
emissions.

[67]
Expert assessments from
43 stakeholders in seven

countries

Fuzzy Delphi, Fuzzy FARE, and
Fuzzy COBRA

Ranks barriers to drone use in
last-mile logistics and strategies

for overcoming them.

[68]
Inbound logistics planning data

on inventory, sourcing, time,
strategy, and network design

KNN, Random Forest, and SVM
Applies ML to support planning

and prediction in inbound
logistics processes.

[69] Simulated urban
freight-demand data

Hybrid ML framework for urban
zoning

Develops a demand-based zoning
approach for planning urban

consolidation networks.

Present
study

Survey data from users of three
postal and logistics operators

Linear Regression, Random
Forest, Gradient Boosting, and

Friedman test

Develops a comparative ML
framework for predicting
customer satisfaction and

supporting operator selection
based on formalized customer

profiles.

Table 1 confirms that machine learning and related data-driven approaches have been
applied to a broad range of logistics problems, from customer churn, demand forecasting,
and freight classification to delivery-time prediction, route planning, urban zoning, and
postal-center location. The usefulness of these methods, however, depends strongly on
the nature of the task and the structure of the available data. Models developed on large
transactional and operational datasets can capture complex patterns that are difficult to
identify using conventional statistical procedures, but they are often designed for one
narrowly defined objective and provide limited insight into customer satisfaction as a
distinct behavioural outcome. Deep-learning and ensemble methods offer considerable
predictive flexibility, especially when nonlinear relationships and interactions are present,
yet they generally require larger and better-balanced datasets and may be less transparent
to logistics managers who need to understand the basis of a recommendation. Clustering,
GIS, simulation, and optimization methods are particularly valuable for network design,
routing, facility location, and the spatial organization of delivery systems, but customer
satisfaction is usually treated only indirectly through time, cost, reliability, or service
availability. Survey-based approaches such as SERVQUAL, SEM, EFA, CFA, and Kansei
Engineering provide a clearer interpretation of service-quality dimensions and customer
perceptions. Their main strength lies in explanation rather than prediction: they identify
relationships and evaluation gaps, but they are not primarily designed to estimate satisfac-
tion for a new customer profile or to compare several operators within the same decision
procedure. Social-media and text-mining approaches extend the analysis to large volumes
of user-generated content and can capture public perceptions in near real time, although the
data are less controlled, may reflect self-selection, and are not always representative of the
wider customer population. Taken together, the existing literature offers strong solutions
for specific operational, spatial, and customer-related problems, but the integration of these
perspectives remains limited. Among the studies reviewed, customer satisfaction is either
examined as an explanatory outcome, inferred indirectly through service-performance
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indicators, or incorporated into a narrowly defined predictive task. None of these studies
develops a procedure in which satisfaction is predicted for the same formalized customer
profile across several postal and logistics operators and then used as the basis for opera-
tor selection. In addition, although the studies presented in Table 1 apply a wide range
of statistical, machine learning, and deep-learning methods across related logistics prob-
lems, none of the reviewed applications compares Linear Regression, Random Forest, and
Gradient Boosting within the same modelling framework. This distinction is important
because the proposed framework contributes at two connected levels. Methodologically, it
compares three complementary regression approaches within a single operator-selection
procedure. Practically, it serves both sides of the service relationship: customers receive a
structured recommendation of the operator whose service characteristics are most closely
aligned with their profile and expectations, while operators gain insight into the customer
segments, service conditions, and preference patterns associated with higher or lower
predicted satisfaction. The present study therefore brings together a distinct comparative
modelling design, formalized customer profiling, satisfaction prediction, and operator
recommendation within one integrated framework.

2.4. Customer Satisfaction and Environmental Implications in Urban Logistics

Customer satisfaction in logistics services has traditionally been analyzed from the
perspective of service quality, marketing performance, and customer relationship man-
agement [72]. Numerous studies have emphasized that factors such as delivery reliability,
timeliness, communication, and flexibility of delivery options significantly influence users’
perceptions of logistics service quality and their overall satisfaction with service providers
(e.g., [73,74]). In the context of parcel and postal services, customer satisfaction is therefore
often considered a key determinant of customer loyalty and competitive positioning among
logistics operators [75].

However, in urban logistics systems, customer satisfaction may also have broader
operational implications that extend beyond traditional service quality considerations. In
particular, mismatches between customer expectations and delivery service characteristics
can increase the probability of unsuccessful delivery attempts [76]. When customers are not
available at the time of delivery, or when delivery arrangements do not correspond to their
preferences, logistics operators are often required to perform additional delivery rounds
or redirect shipments to alternative delivery points [77]. Such operational disruptions
represent an important source of inefficiency in last-mile logistics systems.

From an environmental perspective, failed deliveries and repeated delivery attempts
contribute to increased transport activity in urban areas [78]. Additional delivery rounds
increase vehicle kilometers travelled, fuel consumption, and associated emissions, thereby
intensifying the environmental pressures generated by urban freight transport [79]. Pre-
vious research on city logistics has highlighted that improving delivery success rates is
an important strategy for reducing the environmental footprint of last-mile distribution
systems (e.g., [80,81]). Studies on urban freight transport emphasize that inefficient delivery
processes can significantly increase congestion, energy consumption, and greenhouse gas
emissions in densely populated urban environments [82]. The relationships between failed
deliveries, additional transport activity, and environmental pressure summarized above are
empirically documented in the cited studies. The present study draws on this established
evidence to motivate its conceptual framework, rather than re-testing these relationships
within its own dataset.

Consequently, improving the alignment between customer expectations and delivery
service configurations represents a potentially important mechanism for enhancing both
operational efficiency and environmental sustainability in urban logistics systems. A better
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understanding of the determinants of customer satisfaction can therefore support logistics
operators in designing delivery services that are better aligned with customer expectations
and may reduce the likelihood of failed deliveries and unnecessary delivery rounds. Ad-
vances in data-driven analytics and machine learning methods provide new opportunities
for analyzing complex relationships between customer characteristics, preferences, and ser-
vice perceptions, enabling more accurate prediction of customer satisfaction and improved
service design decisions [78].

Despite the growing body of research on both urban logistics sustainability and
customer satisfaction in logistics services, relatively limited attention has been given to in-
tegrating these perspectives through predictive analytics approaches. In particular, there is
a lack of studies that examine how machine learning-based prediction of customer satisfac-
tion can be used as a decision-support tool for improving delivery efficiency and potentially
reducing the environmental impacts associated with last-mile delivery activities in urban
logistics systems. Addressing this research gap, the present study proposes a machine
learning framework for predicting customer satisfaction with logistics operators and ex-
plores how such predictions may support decision-making for more efficient urban delivery
operations and provide a behavioural basis for future sustainability-oriented analyses.

3. Materials and Methods: Comparative LR–RF–GB Modeling
Framework for City Logistics Operator Selection

This section presents the methodological framework of the study, including the concep-
tual structure and a comparative machine learning approach developed to analyze customer
satisfaction patterns and support operator selection in urban parcel delivery systems.

3.1. Conceptual Framework

The conceptual framework adopted in this study links several analytical layers that
connect customer behavior with logistics and environmental outcomes in urban delivery
systems. Figure 1 illustrates the conceptual framework linking customer characteristics,
predicted satisfaction, decision and logistics outcomes, and environmental impacts in urban
delivery systems.

The first layer refers to customer-related factors, including demographic, geodemo-
graphic characteristics, customer preferences, and responses collected through the survey.
These variables represent the input features used in the predictive modelling process.
In this study, customer preferences refer to the service-related requirements, priorities,
and expected service conditions expressed by respondents when evaluating or selecting
a postal and logistics operator. These preferences include the preferred basis for service
pricing, the priority criterion used for operator selection, and the expected delivery time,
together with broader service-related factors such as delivery speed, shipment security,
price, ICT-supported services, operator availability, staff flexibility, information quality,
network coverage, and service range. The second layer consists of the customer satisfac-
tion prediction model, where machine learning techniques are applied to estimate the
expected level of customer satisfaction based on the identified customer characteristics
and preferences. In addition to the predictive component, the framework incorporates
an intermediate layer that links model outputs with subsequent analytical and decision-
making processes. Predicted satisfaction levels are interpreted through two complementary
perspectives. From the user side, they support the selection of a logistics operator aligned
with individual preferences, while from the operator side they indicate service dimensions
that may require adjustment or improvement.
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Figure 1. Conceptual framework. * The logistics and environmental implications are conceptually
grounded in prior literature but were not directly estimated because the dataset did not include
operational or environmental indicators.

The predicted satisfaction levels are then conceptually associated with logistics out-
comes, including delivery success probability, the likelihood of failed deliveries, and the
resulting transport activity generated by delivery operations. These logistics outcomes may
further be linked to environmental impacts, such as vehicle emissions, traffic congestion,
and energy consumption associated with urban freight transport. However, these opera-
tional and environmental indicators are not directly measured or modelled in the present
study. By linking these layers, the proposed framework highlights how understanding
and predicting customer satisfaction may support improved alignment between customer
expectations and logistics service configurations, providing a basis for future integration
with operational and environmental performance indicators. The links depicted between
logistics outcomes and environmental impacts represent a conceptual structure informed
by prior empirical literature. They are not statistical relationships estimated from the data
collected in this study.

3.2. Proposed Comparative ML Framework

This study proposes a comparative machine learning framework based on the applica-
tion and evaluation of three regression methods: Linear Regression (LR), Random Forest
(RF), and Gradient Boosting (GB). The term “comparative framework” is used because the
three algorithms are not combined into a single ensemble or meta-model; instead, they are
trained and evaluated independently, and the best-performing method is selected for the op-
erator selection stage. By structuring operator selection through data-driven prediction, the
framework contributes to reducing mismatches between customer expectations and service
characteristics, which may lead to repeated delivery attempts, prolonged vehicle presence,
and increased transport activity in urban areas. Since the objective is to predict customer
satisfaction ratings and compare predicted satisfaction levels across logistics operators, the
problem is formulated as a regression task. Although customer satisfaction was measured
on a five-point Likert scale, which is ordinal in nature, the satisfaction score was treated as a
quasi-interval outcome for modelling purposes. This decision was made because the main
objective of the framework is not to conduct statistical inference on an ordinal scale or to
assign respondents to discrete satisfaction classes, but to estimate relative satisfaction levels
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and compare predicted satisfaction across postal and logistics operators. More specifically,
the final phase of the proposed framework requires the ranking of several operators for
the same customer profile and the selection of the operator with the highest expected
satisfaction level. Regression modelling enables continuous satisfaction estimates, which
allow more precise differentiation between operators that could otherwise be assigned
to the same ordinal satisfaction category in a classification-based approach. For example,
predicted values such as 4.72 and 4.39 may both correspond to a high satisfaction category,
but they still provide useful information for ranking operators in the decision-support
stage. Therefore, the regression approach was selected because continuous satisfaction
estimates are functionally more suitable for operator ranking and recommendation, while
still acknowledging the ordinal nature of the original Likert-scale measurement. Regression
modelling also enables the use of standard prediction-error metrics, such as MAE, MSE,
and R2, which support objective comparison of model performance.

Treating ordinal satisfaction scores as numerical values involves several methodolog-
ical considerations. First, it assumes approximately equal distances between adjacent
satisfaction categories, although the perceived difference between ratings 1 and 2 may not
be equivalent to the difference between ratings 4 and 5. Second, since regression models
were used, the predicted satisfaction values are expressed as continuous numerical esti-
mates rather than discrete Likert-scale categories. Therefore, these values should not be
interpreted as exact survey responses, but as estimated relative satisfaction levels used
for comparison across operators. When categorical interpretation is required, continuous
estimates can be mapped to the nearest Likert category; however, in this study they are
primarily used to compare predicted satisfaction levels across operators.

The selection of the applied methods was based on the structure of the available
survey data and the complementary characteristics of the algorithms. LR was included
as an interpretable baseline model for examining linear relationships between customer
attributes and satisfaction ratings. RF was selected because it can effectively capture
complex nonlinear relationships and interactions among heterogeneous demographic,
geodemographic, shipment-related, and preference-related variables, while also being
relatively robust to noise and overfitting. GB was included because it sequentially improves
prediction by focusing on the residual errors of previously constructed trees and is therefore
suitable for identifying more subtle patterns in structured tabular data. The joint application
of these methods enables a comparison between a transparent linear baseline and two
tree-based ensemble approaches with different learning mechanisms, allowing the most
reliable model to be selected empirically for the operator-selection stage. In this research,
multiple linear regression [83] is applied to estimate the relationship between customer
attributes and satisfaction ratings, expressed as:

Y = f {x, β} (1)

where Y denotes the dependent variable representing customer satisfaction with the service,
f function dependent on input variables x and parameters β, x refers to the independent
variables (demographic, geodemographic, and preference related attributes), and β repre-
sents the unknown model parameters. While LR enables interpretation of relationships
between variables, its performance may be limited in the presence of nonlinear patterns. To
address this, the model incorporates RF, an ensemble method based on aggregating multiple
decision trees [84]. The prediction is obtained as the average output of individual trees:

g(x) =
1
n

n

∑
i=1

fi(x) (2)
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where fi(x) represents the prediction generated by the i-th decision tree for input sample
x, while n denotes the total number of trees in the ensemble. Further improvement is
achieved through the GB algorithm [85], which constructs decision trees sequentially, with
each iteration reducing the residual error of the previous model:

FN(xt) = ∑N
n=1 f n(xt) (3)

where fn(xt ) represents the prediction of the N-th weak learner (decision tree), while FN(xt)

denotes the cumulative output of the model after N iterations. The ensemble of trees is
constructed iteratively, where each new decision tree fn+1(xt ) is evaluated through the
minimization of the loss function, as shown in the following equation:

argmin∑
t

L(ytFN(xt) + fn+1(xt)) (4)

In the above equations, yt denotes the actual value of the target variable for the current
sample, FN(xt) represents the cumulative prediction of the ensemble after N iterations,
and fn+1(xt) is the new weak learner added to minimize the residual error. The function
L( yt

FN(xt)) represents the loss function that quantifies the difference between the true and
predicted values, while the iterative minimization process ensures that each subsequent
model focuses on reducing the remaining prediction errors. The overall comparative LR–
RF–GB framework developed in this study is shown in Figure 2 using a BPMN (Business
Process Model and Notation) diagram. The process comprises five main phases:

Phase I: Data collection from postal and logistics service. It involves the collection
of data using a structured questionnaire developed on the basis of a formalized customer
profile created in this study. The profile systematizes demographic, geodemographic,
and service-related factors identified in the literature into an integrated analytical struc-
ture suitable for predictive modelling. Accordingly, the questionnaire captures customer
characteristics, service requirements, priorities, expected service conditions, shipment-
related information, and satisfaction ratings, thereby providing the empirical basis for the
subsequent modelling phases.

Phase II: Data preparation and selection of relevant parameters for modeling. It
includes data cleaning, correction of inconsistencies, consolidation and regrouping of
insufficiently represented categories, selection of relevant variables, and preparation of
separate datasets for the selected operators. Categorical variables are transformed using
one-hot encoding, the target variable is adjusted through winsorization, and the prepared
datasets are divided into training and test subsets for model development and evaluation.

Phase III: Prediction of customer satisfaction ratings per operator using regression
methods. It involves training and applying the LR, RF, and GB regression models to predict
customer satisfaction separately for the three selected postal and logistics operators. The
same modelling procedure is also applied to the extended resampled dataset in order to
examine model behaviour under more balanced target-variable conditions.

Phase IV: Evaluation and verification of model performance and selection of the final
method for application in the operator selection phase. It includes the evaluation and
verification of model performance using Mean Absolute Error (MAE), Mean Squared Error
(MSE), and the coefficient of determination (R2). In addition, the absolute prediction errors
of the LR, RF, and GB models are statistically compared within each dataset using the
Friedman test. For the best-performing model, a cross-validated permutation importance
analysis is also conducted to identify the customer and service-related predictors that
contribute most consistently to customer satisfaction predictions across different validation
folds. The combined evaluation, statistical comparison, and predictor-importance results
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are then used to identify, interpret, and select the most reliable method for application in
the final operator-selection phase.

Phase V: Selection of the operator for customer k based on the highest predicted
rating. It applies the best-performing model to identical customer profiles across the
selected operators. For each customer profile, the model generates a predicted satisfaction
score for every operator, and the operator with the highest predicted value is selected
as the most suitable option. This phase transforms the predictive results into a practical
decision-support recommendation for operator selection.

Start
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Missing 
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Irrelevant Data

Grouping of 
Related 

Attributes

Encoding of 
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Figure 2. Structure of proposed comparative LR–RF–GB machine learning framework.
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Beyond individual operator recommendation, the outputs of this phase can also
support operator-specific service adjustment. Customer profiles associated with lower
predicted satisfaction can be identified and used to guide the adaptation of communication
channels, delivery options, service packages, and other service conditions. When com-
bined with operational and spatial logistics data, the same procedure may also provide an
analytical basis for broader demand-responsive urban freight planning.

3.2.1. Phase I: Data Collection from Customers of Postal and Logistics Services

Data collection was conducted using a structured questionnaire as the primary re-
search instrument. Due to confidentiality constraints, direct access to operator data was
not available, which motivated the development of a survey framework capturing de-
mographic and geodemographic characteristics, together with customers’ service-related
requirements, priorities, and expected service conditions, hereafter referred to as customer
preferences. The questionnaire design was informed by the demographic, geodemographic,
and service-related factors identified in the literature review presented in Section 2.1, en-
suring consistency between the theoretical background and the empirical analysis. Since
the existing literature identifies these factors mainly as separate determinants, but does not
integrate them into a single formalized customer profile suitable for predictive modelling,
this study combines them into a structured analytical representation. The customer profile
is formally represented as:

P(k) = {D, G, Z} (5)

where:

D = {d 1, d2, d3, d4, d5} ∧ G = {g 1, g2} ∧ Z = {z1 , z2, z3, . . . , z10} (6)

The set D includes the demographic characteristics of the customer, such as gender
(d1), age for individual customers or years of operation for business entities (d2), edu-
cation (d3), employment or work status (d4), and income (d5). The set G encompasses
spatial components referring to urban (g1) or rural areas (g2). The set Z includes customer
preferences, defined as service-related requirements, priorities, and expected conditions
considered when evaluating or selecting a postal and logistics operator, among which are
delivery time (z1), shipment security (z2), service price (z3), application of ICT (z4), strategic
partnership (z5), operator availability (z6), staff flexibility (z7), information quality (z8),
network coverage (z9), and the range of service offerings (z10). In this way, the defined
profile P(k) enables a systematic representation of the customer through the most relevant
demographic, geodemographic, and preference-related factors, which form the basis for
customer satisfaction modeling in subsequent stages of the research.

The questionnaire was distributed via Google Forms through multiple communica-
tion channels, including email and social media. Respondents selected among 18 postal
and logistics operators. The survey was conducted between February and October 2023,
resulting in 1239 valid responses. The collected data reflect service usage patterns in dense
urban environments, where delivery activities interact with existing traffic conditions and
infrastructure constraints.

The dataset includes 14 attributes describing customer characteristics, shipment fea-
tures, service preferences, and satisfaction ratings. The detailed categorization of variables
is presented in the subsequent phase of data preparation. Due to confidentiality restrictions,
the dataset is not publicly available; however, anonymized data and analysis scripts can be
provided upon request.
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3.2.2. Phase II: Data Preparation for Modeling and Selection of Relevant Parameters

Data preparation was conducted to ensure consistency and enable reliable model
generalization [86,87]. The process included data cleaning and correction of minor incon-
sistencies. Attributes and subcategories with insufficient representation were removed [88].
In cases where sparse categories retained analytical relevance, responses were reassigned
to related groups. To reduce data fragmentation, conceptually similar categories were
consolidated. The variables Age and Years of operation were grouped into six intervals
(Table 2). Product categories were aggregated into broader groups to enable more stable
pattern recognition and reduce variability in the dataset.

Table 2. Categorization of the attributes “Age” for individuals and “Years of operation” for legal
entities.

Category Individual (C2 and 2C) Legal Entity (B2 and 2B; G2 and 2G)

I 18–25 0–5
II 26–30 6–10
III 31–40 11–25
IV 41–50 26–35
V 51–60 36–50
VI Over 60 Over 50

An imbalance in the distribution of responses among operators was observed, with a
predominance of courier services. This distribution was treated as an empirical characteris-
tic of the urban logistics market rather than as a statistical irregularity. Model development
was therefore focused on the three operators with the largest number of observations. The
final dataset included ten customer-related attributes used as input variables, while the op-
erator identifier was excluded to ensure objective evaluation. The structure, categorization,
and types of variables are summarized in Table 3.

Table 3. Categorization and types of variables for analyzing customer satisfaction with provided
services.

Variable Name Variable Categorization Variable Values Variable Type

Gender Independent
M (Male)

F (Female)
C (Company)

Categorical

Customer category
Individual customer (C2 and 2C)

Independent Legal entity—company/enterprise (B2 and 2B) Categorical
Legal entity—institution (G2 and 2G)

Age/Years of
operation Independent Category I, II, III, IV, V, VI Categorical

Education Independent

Secondary school

Categorical
Short-cycle tertiary
Bachelor’s degree
Master’s degree

PhD

Type of shipment Independent
Letter/document

Parcel
Pallet

Categorical
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Table 3. Cont.

Variable Name Variable
Categorization Variable Values Variable Type

Product category Independent

Document
Clothing
Footwear
Cosmetics
Electronics
Auto parts

Consumer goods and food
Entertainment & children

Categorical

Billing preference Independent
Item

Weight
Distance (kilometers traveled)

Categorical

Priority criterion for
operator selection Independent

Delivery time
Delivery price

Service availability
Payment method and options

Professional and courteous staff

Categorical

Expected service
delivery time Independent

D (same-day delivery)
D + 1 (within two days)

D + 2 (within three days)
D + 3 (within four days)
D + 4 (within five days)

Other

Categorical

Customer
satisfaction Dependent

1 (very dissatisfied)
2 (dissatisfied)

3 (neutral)
4 (satisfied)

5 (very satisfied)

Ordinal treated as
quasi-interval for

regression
modelling

Categorical variables were transformed using One-Hot encoding, while the dependent
variable (customer satisfaction) was adjusted using winsorization to limit the influence of
extreme values [89]. This approach preserves variability while improving model stability.
The prepared datasets were subsequently used for model training and evaluation using LR,
RF, and GB algorithms, applying standard regression metrics: Mean Absolute Error (MAE),
Mean Squared Error (MSE), and the Coefficient of Determination (R2). The implementa-
tion was performed in a Python 3.10 environment using Google Colab and scikit-learn,
with Pipeline and GridSearchCV for model optimization and five-fold cross-validation.
Reproducibility was ensured by fixing the random seed (random_state = 42), while detailed
parameter settings are provided in Appendix A.

4. Results and Interpretation
This section presents the empirical results of the predictive modeling conducted within

the third phase of the methodological framework. The analysis covers three postal/logistics
operators (Operator 1, Operator 2, and Operator 3), whose datasets were used to evaluate
the performance of three machine learning regression methods: Linear Regression (LR),
Random Forest (RF), and Gradient Boosting (GB). Although the predictive models devel-
oped in this study focus on estimating customer satisfaction levels, the interpretation of the
obtained results can also be extended to a broader urban logistics context. As discussed in
the conceptual framework, customer satisfaction can be interpreted as an indicator of the
alignment between customer expectations and delivery service characteristics offered by
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logistics operators. Higher levels of alignment may support delivery service configurations
that are more consistent with customer expectations, while mismatches between expec-
tations and service conditions may result in delivery disruptions and repeated delivery
attempts. From a city logistics perspective, such repeated delivery attempts are recognized
as an important source of additional transport activity and environmental pressure in urban
freight systems; however, these operational and environmental indicators were not directly
measured in this study.

In line with the methodological approach defined in Section 3, all datasets were
divided into a training set (80%) and a testing set (20%) to ensure consistency in model
evaluation. The dataset for Operator 1 consists of 381/96 samples, for Operator 2 a total of
252/64, while the dataset for Operator 3 contains 240/60 samples.

Based on the obtained results, a noticeable imbalance of the target variable was
observed, particularly in the lower satisfaction ratings (1 and 2), which could have affected
model performance and generalization capability. Therefore, as a complement to the initial
analyses, an extended dataset was generated using a resampling technique, with the aim of
achieving a more balanced distribution of satisfaction ratings and increasing the reliability
of the models. The extended dataset contains a total of 10,000 samples, of which 80% were
used for training and 20% for model testing.

4.1. Phase III: Prediction of Customer Satisfaction Ratings for Operator 1

Table 4 provides an overview of sample results for Operator 1. The first column
presents the customer identification number (denoted as C1, C2, . . ., C381), while the
second column contains the actual satisfaction ratings. The remaining three columns show
the predicted values generated using the LR, RF, and GB methods. This overview enables a
direct comparison between actual and predicted values, forming the basis for analyzing
deviations and the accuracy of each method.

Table 4. Results of applied LR, RF, and GB methods in predicting customer satisfaction with Operator
1’st service.

Customer ID Actual Customer
Satisfaction Ratings LR Predicted Ratings RF Predicted Ratings GB Predicted Ratings

C1 4 4.11 3.92 4.12
C2 4 4.04 4.61 4.11
C3 5 4.39 4.62 4.11
C4 4 4.19 4.12 4.09
C5 3 3.69 3.24 4.11
. . . . . . . . . . . . . . .
. . . . . . . . . . . . . . .

C380 5 4.86 4.78 4.40
C381 5 4.62 4.54 4.12

Figure 3 provides a visual representation of the model results through four graphs.
Parts (a–c) show the curves comparing predicted and actual values for the LR, RF, and GB
models, while part (d) illustrates the overall prediction accuracy by individual satisfaction
rating. This visualization offers both numerical and graphical assessments of model
performance, providing a comprehensive insight into their predictive capability.
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Figure 3. Prediction results for Operator 1: (a) Comparison of actual and predicted customer
satisfaction ratings using LR method; (b) Comparison of actual and predicted customer satisfaction
ratings using RF method; (c) Comparison of actual and predicted customer satisfaction ratings using
GB method; (d) Prediction accuracy per satisfaction rating across models.

The analysis of the test dataset comprising a total of 96 samples reveals clear differences
in the performance of the applied methods. The LR model (Figure 3a) demonstrates
limited ability in accurately predicting customer satisfaction. Statistical data show that
for rating 5, out of 32 test samples, 11 were correctly predicted, yielding an accuracy of
34.38%. For rating 4, the model performed significantly better-out of 45 samples, only
4 were misclassified, corresponding to an accuracy of 91.11%. In contrast, for rating 3,
out of 17 test samples, 6 were correctly predicted, giving an accuracy of 35.30%. Low
ratings proved particularly challenging: for ratings 1 and 2, each with only 4 samples, the
model did not achieve a single correct prediction. Figure 3b presents the results of the RF
regression method. It is evident that the model based on this method demonstrates the
best results for predicting medium and high levels of customer satisfaction with Operator
1’s services. This conclusion is further supported by statistical data. For rating 5, out of
32 test samples, 25 were correctly predicted, resulting in an accuracy of 78.13%. For rating
4, the model achieved nearly perfect results—out of 45 samples, only one was misclassified,
corresponding to 97.78% accuracy. Similarly, for rating 3, out of 17 samples, 14 were
correctly predicted, i.e., 82.35%. These values confirm a high degree of alignment between
actual and predicted ratings, which is visually evident through almost parallel curves
in Figure 3b. From an operational perspective, such predictive accuracy is particularly
relevant because it enables a more reliable identification of customer segments that are
likely to be satisfied with a specific logistics operator. In practical urban delivery systems,
this information may support a better alignment between customer expectations and
service configurations. Such alignment may contribute to reducing delivery mismatches
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and repeated delivery rounds, which are recognized as a significant source of additional
vehicle movements and operational inefficiencies in urban freight transport systems.

However, as with the LR method, the model could not accurately predict ratings 1 and
2 due to the very small number of samples in the test set. As shown in Figure 3c, the GB
model was unable to predict accurate customer satisfaction ratings. Compared with the two
previously discussed models, it demonstrated very poor performance both in predicting
high ratings and in estimating medium and low satisfaction levels. Therefore, the GB model
showed the weakest predictive performance for this dataset, although it was retained in the
subsequent comparative evaluation in order to provide a complete statistical comparison
of all three methods. From a decision-support perspective, the identification of more
reliable predictive models is essential because inaccurate satisfaction predictions could lead
to inappropriate operator recommendations. Such mismatches between customers and
logistics operators may increase the likelihood of delivery disruptions, including missed
deliveries or the need for repeated delivery attempts.

4.2. Phase III: Prediction of Customer Satisfaction Ratings for Operator 2

Following the same approach used for Operator 1, this section presents the results of
applying the LR, RF, and GB methods to the dataset of Operator 2, both in tabular form
(Table 5) and through graphical representations (Figure 4a–d).

Table 5. Results of applied LR, RF, and GB methods in predicting customer satisfaction with Operator
2’nd service.

Customer ID Actual Customer
Satisfaction Ratings LR Predicted Ratings RF Predicted Ratings GB Predicted Ratings

C1 3 4.12 3.64 4.30
C2 4 4.08 4.16 4.29
C3 5 4.93 4.82 4.31
C4 5 4.97 4.74 4.44
C5 4 4.62 4.24 4.31
. . . . . . . . . . . . . . .
. . . . . . . . . . . . . . .

C63 3 4.11 3.56 4.30
C64 4 4.13 4.2 4.33

The analysis of individual examples from the Operator 2 test dataset (a total of 64 test
samples) indicates satisfactory precision of the LR model in predicting high customer
satisfaction ratings (Figure 4a). Among 27 samples rated 5, the model misclassified 9.
Furthermore, out of 32 samples rated 4, it produced inaccurate predictions for 3 samples.
Of the four test samples rated 3, all were incorrectly predicted, as was the single sample
rated 2. No samples were recorded for rating 1. The application of this method to the
Operator 2 dataset resulted in 0% prediction accuracy for ratings 1, 2, and 3, while accuracy
levels of 90.63% and 66.67% were achieved for ratings 4 and 5, respectively (Figure 4d). The
RF model stands out as exceptionally accurate in predicting ratings 4 and 5 (Figure 4b). This
is supported by the descriptive accuracy results: out of 27 test samples rated 5, the RF model
misclassified only 4, achieving an accuracy of 85.19%. For rating 4, it provided completely
accurate predictions for all 32 test samples, attaining a perfect 100% prediction accuracy
(Figure 4d). However, as in the case of Operator 1, due to the same challenge of a limited
number of samples for ratings 3, 2, and 1, reduced precision in prediction was observed. As
with Operator 1, the GB model for Operator 2 also failed to achieve satisfactory accuracy. In
practical delivery systems, insufficient predictive accuracy may lead to suboptimal service
allocation and customer–operator mismatches. These mismatches may translate into
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operational inefficiencies such as rescheduled deliveries, parcel redirection, or additional
delivery attempts. The curves of the predicted values deviate considerably from the actual
ones (Figure 4c), confirming that the GB model showed the weakest predictive performance
for this dataset (Figure 4d). Therefore, it was not considered a suitable candidate for the
final operator selection stage, although it was retained in the subsequent comparative
evaluation in order to provide a complete statistical comparison of all three methods.
In contrast, the ability of the RF model to accurately identify high satisfaction levels is
particularly important from the perspective of urban logistics system efficiency. When
logistics operators are able to anticipate customer satisfaction with a high level of confidence,
delivery services can be designed or recommended in a way that better reflects customer
expectations regarding delivery time, price, and service conditions. Such alignment may
reduce the probability of delivery mismatches and may contribute to more stable and
predictable delivery operations within urban freight systems.
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Figure 4. Prediction results for Operator 2: (a) Comparison of actual and predicted customer
satisfaction ratings using LR method; (b) Comparison of actual and predicted customer satisfaction
ratings using RF method; (c) Comparison of actual and predicted customer satisfaction ratings using
GB method; (d) Prediction accuracy per satisfaction rating across models.

4.3. Phase III: Prediction of Customer Satisfaction Ratings for Operator 3

Table 6 provides an overview of the actual customer satisfaction ratings and the
predicted values obtained using the LR, RF, and GB methods, while the results are also
graphically presented in Figure 5a–d.
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Table 6. Results of applied LR, RF, and GB methods in predicting customer satisfaction with Operator
3’rd service.

Customer ID Actual Customer
Satisfaction Ratings LR Predicted Ratings RF Predicted Ratings GB Predicted Ratings

C1 5 4.61 4.74 4.06
C2 2 2.97 3.02 4.05
C3 1 1.75 2.08 2.88
C4 5 5.25 4.9 4.11
C5 4 3.71 4 4.11
. . . . . . . . . . . . . . .
. . . . . . . . . . . . . . .

C59 3 2.65 3.56 4.05
C60 1 2.53 1.51 2.96
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Figure 5. Prediction results for Operator 3: (a) Comparison of actual and predicted customer
satisfaction ratings using LR method; (b) Comparison of actual and predicted customer satisfaction
ratings using RF method; (c) Comparison of actual and predicted customer satisfaction ratings using
GB method; (d) Prediction accuracy per satisfaction rating across models.

The analysis shows that the LR method achieved stable results for medium and high
satisfaction ratings (3, 4, and 5), while the RF method once again confirmed the highest
precision—particularly for ratings 4 and 5, where prediction accuracy was very high.
Conversely, as in the previous cases, the GB method exhibited significant deviations and
insufficient predictive accuracy. However, it was retained in the subsequent comparative
and statistical analyses to enable a complete evaluation of all three methods.

4.4. Phase III: Prediction of Customer Satisfaction Ratings on the Extended Dataset

The analysis of modeling results on the datasets of Operators 1, 2, and 3 revealed a
significant imbalance in the target variable distribution, with lower satisfaction ratings
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(1 and 2) being considerably underrepresented. In the context of machine learning, such
an imbalance can lead to model bias and reduced generalization capability, as majority
samples dominate the informational contribution of minority classes [90,91]. The problem of
imbalanced datasets, where one of the possible classes has a very small frequency compared
to others—is commonly addressed through sampling techniques such as undersampling or
upsampling [92]. In regression tasks, the goal of such methods is to balance the distribution
of the target variable and thereby improve model accuracy.

In this research, to resolve the imbalance and enhance model performance, a resam-
pling procedure was applied, resulting in the creation of an extended dataset. It should
be emphasized that the extended dataset was not intended to replace the empirical sur-
vey dataset or to serve as an independent empirical basis for drawing new conclusions.
The primary model development and evaluation were conducted on the original survey-
based datasets for Operators 1, 2, and 3. The extended dataset was used as an additional
modelling step to examine model behavior under a more balanced distribution of cus-
tomer satisfaction ratings, particularly because lower ratings were underrepresented in the
empirical data.

A larger dataset generally contributes to improved reliability and generalization capac-
ity of machine learning models [93]. Synthetic data [94] were generated using the dataset
of Operator 1, which had the highest number of original samples (477). A resampling
technique was applied to increase the number of instances with ratings 1 and 2 and to
adjust the distribution of other ratings (3, 4, and 5) according to predefined target ratios.
The resampling procedure was performed at the level of complete observations rather than
by independently generating individual attributes. Therefore, each resampled instance
retained the original combination of customer characteristics, shipment-related variables,
service preferences, and satisfaction rating. In this way, the joint structure of the attributes
was preserved, and unrealistic combinations of variables were avoided. Since the distri-
bution of the target variable was intentionally adjusted to reduce the underrepresentation
of lower satisfaction ratings, the extended dataset represents a resampled and balanced
dataset used for model testing under more balanced target-variable conditions. Thus, the
dataset preserves the observed attribute combinations from the original data, while the
marginal distribution of satisfaction ratings was modified for modelling purposes.

The extended dataset contains 10,000 samples, of which 80% were used for training and
20% for testing the models. The LR, RF, and GB models were retrained and re-evaluated on
this dataset. The results are presented in tabular form (Table 7) and graphically (Figure 6a–d).

Table 7. Results of applied LR, RF, and GB methods in predicting customer satisfaction ratings on the
extended resampled dataset.

Customer ID Actual Customer
Satisfaction Ratings LR Predicted Ratings RF Predicted Ratings GB Predicted Ratings

C1 4 3.16 3.97 3.92
C2 4 3.90 3.98 3.87
C3 4 4.79 4.13 4.21
C4 5 6.47 5 4.99
C5 3 2.72 3.20 3.19
. . . . . . . . . . . . . . .
. . . . . . . . . . . . . . .

C1999 2 3.57 2.74 2.87
C2000 2 3.57 2.74 2.87
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Figure 6. Prediction results on the extended resampled dataset: (a) Comparison of actual and
predicted customer satisfaction ratings using LR method; (b) Comparison of actual and predicted
customer satisfaction ratings using RF method; (c) Comparison of actual and predicted customer
satisfaction ratings using GB method; (d) Prediction accuracy per satisfaction rating across models.

The modeling analysis on the extended dataset shows a significant improvement
compared to the results obtained on the original data. By expanding the distribution of the
target variable and balancing the lower satisfaction ratings (1 and 2), more precise learning
and generalization were achieved. The application of the LR method still demonstrated
limited ability to predict lower and midrange satisfaction ratings (Figure 6a). The model
achieved 64.62% accuracy for rating 1, 27.43% for rating 2, and 28.61% for rating 3, while
higher accuracy was achieved for ratings 4 (67.31%) and 5 (19.79%) (Figure 6d). These
values confirm a relatively low level of accuracy and the limited capacity of the LR model
to adequately capture complex relationships among variables. In contrast, the RF method
exhibited very high predictive precision, with actual and predicted values almost perfectly
aligned (Figure 6b). The model achieved 100% accuracy for rating 1, 88.57% for rating 2,
88.25% for rating 3, 92.11% for rating 4, and 82.11% for rating 5 (Figure 6d), confirming its
ability to perform robustly even under balanced conditions. Interestingly, the results of the
GB model (Figure 6c) show a substantial improvement compared to previous phases of the
study. Unlike its poor performance on the original datasets, on the extended dataset, the
GB model achieved results almost identical to those of the RF method: 100% accuracy for
rating 1, 88.57% for rating 2, 87.65% for rating 3, 92.11% for rating 4, and 81.42% for rating
5 (Figure 6d). From a broader urban logistics perspective, the ability of advanced machine
learning methods such as RF and GB to capture complex relationships between customer
characteristics and satisfaction outcomes is particularly relevant. Accurate prediction of
satisfaction enables a more informed allocation of delivery services and logistics opera-
tors, which may contribute to reducing operational disruptions and unnecessary delivery
repetitions in urban distribution systems. When comparing the results of the RF and GB
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methods, it is evident that both achieved high precision in predicting customer satisfaction
ratings. However, some performance differences can be noted. The GB model showed
slightly lower precision for rating 3, correctly predicting 87.65% of samples, whereas the
RF model achieved 88.25%. The RF model also had a slight advantage in predicting rating
5, with 82.11% accuracy compared to 81.42% achieved by the GB model. For the remaining
ratings (1, 2, and 4), the RF and GB methods demonstrated identical accuracy levels.

In the context of urban delivery systems, such predictive consistency is important
because it allows logistics operators to rely on data-driven decision-making when designing
delivery strategies or recommending service options to customers. Over time, improved
alignment between predicted customer satisfaction and the selected logistics operator may
support better service allocation and reduce delivery mismatches, providing a basis for
future analyses of routing efficiency, delivery disruptions, and transport intensity within
urban areas.

4.5. Phase IV: Evaluation and Verification of Model Performance

After predicting customer satisfaction ratings for Operators 1, 2, and 3, as well as for
the extended dataset, an evaluation and verification of model performance were conducted
to identify the method achieving the best results and suitable for implementation in the final
stage of the proposed model—the operator selection process based on customer profiles.
For this purpose, standard performance metrics were used, including Mean Absolute Error
(MAE), Mean Squared Error (MSE), and the coefficient of determination (R2) [95]. Their
mathematical definitions are given by the following expressions:

MAE =
1
N ∑N

n=1(Ŷn − Yn) (7)

where MAE represents the mean absolute error, N the number of observations, Ŷn the
predicted values, and Yn the actual values.

MSE =
1
N ∑N

n=1(Ŷn − Yn)
2 (8)

where MSE denotes the mean squared error, where squaring the differences gives greater
weight to larger deviations.

R2 = 1 − SSR
SST

=
∑(Yn −Ŷn

)2

∑n(Yn − Ȳ)2 (9)

where R2 represents the coefficient of determination, SSR the sum of squared residuals,
and SST the total sum of squares of deviations of actual values from their mean Ȳ.

Lower MAE and MSE values indicate higher model accuracy and precision [96], while
R2 shows how well the model explains the variability of the dependent variable. An R2

value close to 1 indicates a wellfitted model with a high level of explanatory power, while
values closer to 0 indicate a weaker ability to explain variations in the data [97]. Given the
nature of the problem addressed, the model is considered successful and not overfitted if
the predicted satisfaction ratings are relatively close to the actual ones. Table 8 presents the
evaluation results of the LR, RF, and GB models for Operators 1, 2, and 3, as well as for the
extended dataset.
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Table 8. Performance comparison of LR, RF, and GB models on the actual and extended datasets.

Evaluation Metric

Applied
Method MAE MSE R2

D
at
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ct
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lR
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h Operator 1

LR 0.469 0.347 0.359

RF 0.264 0.113 0.791

GB 0.524 0.464 0.143

Operator 2

LR 0.356 0.208 0.489

RF 0.264 0.116 0.714

GB 0.512 0.343 0.155

Operator 3

LR 0.407 0.395 0.629

RF 0.317 0.246 0.769

GB 0.641 0.718 0.326

Extended datasets

LR 0.686 0.713 0.544

RF 0.159 0.100 0.936

GB 0.168 0.101 0.935

The results show that for Operator 1, the RF model proved to be the most accurate,
with the lowest MAE (0.264) and MSE (0.113) values and the highest R2 (0.791), indicating
good explanatory capability. The LR model demonstrated moderate accuracy (MAE = 0.469,
MSE = 0.347, R2 = 0.359), while the GB method exhibited weaker performance with higher
error values (MAE = 0.524, MSE = 0.464, R2 = 0.143). A similar pattern was observed
for Operators 2 and 3, where RF again achieved the best results (MAE = 0.264 and 0.317,
MSE = 0.116 and 0.246, R2 = 0.714 and 0.769). The LR model maintained moderate per-
formance, while the GB method showed greater deviations between actual and predicted
values. The analysis of the extended dataset further confirms these findings. The RF
model achieved the highest accuracy (MAE = 0.159, MSE = 0.100, R2 = 0.936), while the GB
method achieved nearly identical results (MAE = 0.168, MSE = 0.101, R2 = 0.935), showing
a significant improvement compared to the individual operator datasets. Conversely, the
LR model exhibited a decline in performance (MAE = 0.686, MSE = 0.713, R2 = 0.544),
indicating a limited ability to model more complex nonlinear relationships. Beyond their
statistical interpretation, these evaluation metrics also provide an indication of the re-
liability of satisfaction predictions when applied in practical decision-support contexts.
Reliable prediction models allow logistics operators to better anticipate customer responses
to different service configurations, which may support improved delivery planning and
reduce the likelihood of operational disruptions. In urban logistics systems, reducing such
disruptions can contribute to lowering the number of repeated delivery attempts and asso-
ciated transport activity, thereby supporting efforts aimed at mitigating the environmental
impacts of last-mile delivery operations.

Overall, the results obtained from both the original and extended datasets indicate
that the RF method achieves the highest level of stability and predictive precision. Dataset
expansion further improved model consistency, particularly for the RF and GB methods,
suggesting better generalization under more balanced distributions. On this basis, RF
was selected as the most suitable method for structured operator selection. In practical
terms, this means that customer profiles can be evaluated in a consistent manner across
operators, which is particularly relevant in urban service environments where fragmented
decision-making may lead to inefficiencies in service allocation.
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4.5.1. Statistical Analysis of Model Differences

In addition to the standard indicators of model accuracy, presented through MAE,
MSE and coefficient of determination R2, an additional statistical analysis of the differences
between the applied regression models was conducted. The purpose of this analysis was
to determine whether the observed differences in the performance of the LR, RF and GB
models represent only descriptive differences in the values of the evaluation metrics or
can be statistically confirmed as significant differences in the predictive behavior of the
models. Statistical comparison was not conducted between different operators, since the
datasets for the operators refer to different groups of users and, therefore, do not represent
dependent samples. Instead, the analysis was conducted separately within each individual
dataset: for Operator 1, Operator 2, Operator 3 and the extended resampled dataset. Such
an approach is methodologically justified because within each dataset all three models
generated predictions for the same test observations, which allows for a direct comparison
of their predictive errors at the level of the same user profiles.

The basis for statistical comparison was the absolute prediction error, defined as the
absolute difference between the actual user satisfaction rating and the value predicted
by the corresponding model. In this way, three related error values were formed for
each test sample, corresponding to the LR, RF and GB models. Given that three related
models, i.e., three sets of errors obtained on the same test observations, are compared,
the Friedman test was applied for the analysis. This non-parametric test is particularly
suitable in situations when more than two related samples are compared and when it is not
justified to assume a normal distribution of prediction errors. Its use is also consistent with
recent comparative machine learning studies in which the Friedman test is applied to assess
statistically significant differences among regression models evaluated using error-based
performance measures [98].

The application of the Friedman test allows for a formal test of the null hypothesis
according to which there are no statistically significant differences between the predictive
errors of the observed models. The alternative hypothesis assumes that at least one of the
models is statistically significantly different from the others in terms of the magnitude
of the absolute prediction error. Since lower values of the absolute error indicate greater
prediction accuracy, the model with the lowest median error and the lowest sum of ranks
can be interpreted as the statistically most favorable within the observed data set.

Accordingly, the Friedman test was applied separately to each analyzed dataset.
The results are presented in Table 9. For each dataset, the table reports the number of
test observations, the median absolute error for each model, the Friedman test statistic,
degrees of freedom, p-value, and the best-ranked model according to the obtained error
structure. The median absolute error was included in the table because it provides a direct
interpretation of the typical prediction deviation on the five-point satisfaction scale, while
the Friedman statistic and p-value provide formal evidence on whether the differences
among the models are statistically significant.

Table 9. Statistical comparison of absolute prediction errors among LR, RF, and GB models using the
Friedman test.

Dataset N
Median

Absolute
Error LR

Median
Absolute
Error RF

Median
Absolute
Error GB

Friedman
Statistic (S) df p-Value Best-Ranked

Model

Operator 1 96 0.3557 0.2000 0.3979 42.25 2 <0.001 RF
Operator 2 64 0.2502 0.1720 0.4112 56.63 2 <0.001 RF
Operator 3 60 0.3455 0.2600 0.5360 11.43 2 0.003 RF

Extended dataset 2000 0.4749 0.0434 0.0473 1815.40 2 <0.001 RF
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The results presented in Table 9 show that statistically significant differences between
the LR, RF and GB models were identified in all analyzed datasets. For Operator 1, the
Friedman test yielded S = 42.25 with p < 0.001, indicating that the differences in prediction
errors among the three models are statistically significant. The RF model achieved the
lowest median absolute error of 0.2000, while the corresponding errors for LR and GB were
0.3557 and 0.3979, respectively. This indicates that, for Operator 1, the RF model produced
the most consistent and accurate predictions on the test observations.

A similar pattern was observed for Operator 2. The Friedman test result, S = 56.63 and
p < 0.001, confirms statistically significant differences among the models. In this dataset,
RF again achieved the lowest median absolute error, with a value of 0.1720. The LR model
showed a higher median error of 0.2502, while the GB model had the highest median
error of 0.4112. These results confirm that the RF model was not only descriptively better
according to standard performance metrics, but also statistically more favorable when
prediction errors were analyzed across the same test observations.

For Operator 3, the Friedman test also indicated statistically significant differences
among the models, although the magnitude of the test statistic was lower than in the first
two operator datasets. The obtained value was S = 11.43, with p = 0.003. This result is still
below the conventional significance threshold of 0.05, which means that the null hypothesis
of equal model performance can be rejected. The RF model again achieved the lowest
median absolute error, equal to 0.2600. The LR model followed with a median absolute
error of 0.3455, while the GB model showed the weakest performance, with a median error
of 0.5360.

The most pronounced statistical difference was obtained for the extended resampled
dataset, where the Friedman statistic reached S = 1815.40 with p < 0.001. This result is
expected given the substantially larger number of test observations and the more balanced
distribution of satisfaction ratings. In this dataset, both ensemble-based models achieved
markedly lower errors than LR. The RF model had the lowest median absolute error, 0.0434,
followed closely by GB with 0.0473. Although the difference between RF and GB was small
in absolute terms, RF still retained the most favorable rank structure and was therefore
identified as the best-ranked model. In contrast, LR showed a substantially higher median
absolute error of 0.4749, confirming its weaker ability to capture nonlinear relationships in
the extended dataset.

Overall, the statistical analysis confirms the findings obtained from MAE, MSE and
R2 metrics. The RF model achieved the lowest median absolute prediction error in all
four analyzed datasets and was consistently identified as the best-ranked model. This
consistency is important from both a methodological and decision-support perspective.
It indicates that RF provides stable predictive performance across different empirical
datasets as well as under more balanced target-variable conditions in the extended dataset.
Therefore, the selection of RF for the final operator selection stage is not based only on
descriptive model performance indicators, but is also supported by a formal statistical
comparison of prediction errors.

Detailed outputs of the Friedman test for Operator 1, Operator 2, Operator 3, and the
extended dataset are provided in Supplementary Files S1–S4.

4.5.2. Cross-Validated Analysis of Predictor Importance

To identify which customer and service-related attributes contributed most to the
predictive performance of the Random Forest model, an additional predictor-importance
analysis was conducted. The purpose of this analysis was to determine whether the model
relied more strongly on particular characteristics of customer profiles, shipment-related
variables, or service preferences when estimating customer satisfaction. Such information
is important because overall model accuracy does not reveal which parts of the input data
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carry the greatest predictive value. A clearer understanding of these relationships also
supports a more meaningful interpretation of the model results and provides a basis for
identifying service dimensions that may deserve greater managerial attention. Predictor
importance was therefore examined using a cross-validated permutation procedure, and
the main results are presented in Table 10.

Table 10. Most relevant predictors identified using cross-validated Random Forest permutation
importance.

Dataset Predictor Mean
Importance

95% Confidence
Interval

Positive Fold
Share Interpretation

Operator 1 Customer
category 0.0179 0.0153–0.0205 1.00 Stable dominant predictor

Operator 1 Shipment type 0.0035 0.0009–0.0060 0.64 Positive but weaker predictor

Operator 2
No stable
dominant
predictor

- - - No variable showed stable
positive importance

Operator 3 Expected
delivery time 0.0097 −0.0027–0.0222 0.60 Highest relative importance,

but not fully stable

Extended
dataset

Expected
delivery time 0.0481 0.0292–0.0670 1.00 Stable predictor under

balanced conditions

Extended
dataset

Customer
category 0.0103 0.0051–0.0155 1.00 Stable predictor under

balanced conditions

Predictor importance was assessed using a cross-validated permutation procedure.
For each of the three original operator datasets, five-fold cross-validation was repeated
five times, resulting in 25 external validation folds. Within each training fold, the Random
Forest hyperparameters were selected through an internal five-fold GridSearchCV proce-
dure. Each original predictor was then permuted 20 times in the corresponding validation
fold, and the resulting increase in MAE was used as the measure of importance. This
ap-proach makes it possible to examine whether a predictor contributes consistently across
different partitions of the data rather than relying on a single train–test split.

The interpretation of predictor importance was based on the indicators reported in
Table 10: mean importance, the 95% confidence interval, and positive fold share. Mean
importance expresses the average increase in prediction error after the values of a particular
attribute were permuted. A higher positive value means that the model relied more strongly
on that attribute when estimating customer satisfaction. The 95% confidence interval shows
how stable this contribution was across the validation folds. When the entire interval
remains above zero, the attribute can be considered a stable predictor. Positive fold share
indicates the proportion of validation folds in which permutation of the attribute increased
the prediction error. A value of 1.00 therefore means that the attribute contributed positively
in every fold, while lower values indicate that its predictive contribution was less consistent
across different data partitions.

The results indicate that the predictive relevance of customer and service attributes dif-
fered across operators. For Operator 1, customer category was the clearest and most stable
predictor. Its mean importance was 0.0179, the 95% confidence interval ranged from 0.0153
to 0.0205, and the positive fold share was 1.00. This shows that the distinction between
individual customers, business entities, and institutional users consistently contributed to
the model’s ability to differentiate satisfaction levels for this operator. Shipment type also
contributed positively, with a mean importance of 0.0035, a confidence interval from 0.0009
to 0.0060, and a positive fold share of 0.64. Its contribution was therefore clearly weaker
and less consistent than that of customer category.

https://doi.org/10.3390/su18157786

https://doi.org/10.3390/su18157786


Sustainability 2026, 18, 7786 29 of 41

For Operator 2, no single attribute showed a sufficiently stable positive contribution to
be identified as a dominant predictor. The importance values varied across the validation
folds, indicating that the model did not rely consistently on one customer characteristic.
This suggsests that satisfaction prediction for Operator 2 may depend on combinations of
several attributes rather than on one clearly distinguishable variable. Complete results for
all attributes are provided in the Supplementary Materials.

For Operator 3, expected delivery time had the highest mean importance and therefore
represented the most prominent predictor in this dataset. Its mean importance was 0.0097,
the 95% confidence interval ranged from −0.0027 to 0.0222, and the positive fold share
was 0.60. Although expected delivery time carried more predictive information than the
remaining attributes, the confidence interval included zero and the importance was positive
in only 60% of the validation folds. Its contribution was therefore not equally stable across
all data partitions.

The extended dataset showed a more clearly defined importance structure. Expected
delivery time was a stable predictor, with a mean importance of 0.0481, a 95% confidence
interval from 0.0292 to 0.0670, and a positive fold share of 1.00. Customer category also
showed a stable contribution, with a mean importance of 0.0103, a confidence interval from
0.0051 to 0.0155, and positive importance in every validation fold. Although shipment type
and product category had higher mean values than customer category, their confidence
intervals included zero, which indicates that their contributions varied more strongly across
the grouped validation folds.

Taken together, the results do not point to one universal attribute that was equally
important for all operators. Instead, the predictive structure was operator-specific. Cus-
tomer category was the most relevant attribute for Operator 1, while expected delivery
time was the most prominent attribute for Operator 3 and remained stable in the extended
dataset. For Operator 2, no dominant predictor was identified. This distinction is important
for practical application because it indicates that logistics operators should not rely on
the same customer-segmentation or service-adjustment strategy. Operator 1 may benefit
more from differentiating services according to customer category, whereas Operator 3
should give greater attention to the delivery-time expectations of its users. Given the
breadth of the operator-specific results, the present study focuses on the most stable and
practically relevant predictors, while a separate analysis could provide a more detailed
examination of the complete importance profiles, rank variations, and fold-level patterns
across all operators.

Detailed cross-validated permutation-importance results for all customer and service
attributes across the three operator datasets and the extended dataset are provided in
Table S5 in the Supplementary Materials.

4.6. Phase V: Selection of an Appropriate Operator According to Customer Preferences

After evaluating and verifying model performance, it was established that the RF
method achieved the best results in predicting customer satisfaction. Therefore, it was
applied in the final phase to predict satisfaction ratings for identical customer profiles, sep-
arately for each operator, in order to select the operator that best fits each customer profile.

For demonstration purposes, three different customer profiles were selected.
The first customer, Customer 1, represents a female (F) individual (C2 or 2C), aged

between 18 and 25 years (Category I), with secondary education, who uses a postal and
logistics service for sending or receiving a parcel of clothing. The pricing preference is per
item, and delivery speed is the primary criterion for operator selection, with an expected
service completion time of two days (D + 1).

The second customer, Customer 2, is a male (M) individual (C2 or 2C), aged 31 to
40 (Category III), with secondary education and the same pricing preference. He uses
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the service for sending or receiving a parcel of car parts, with price as the main selection
criterion and an expected service time of three days (D + 2).

The third customer, Customer 3, represents a company (C), a legal entity (B2 or 2B),
operating for 6–10 years (Category II). The company representative authorized to complete
the service request holds a university degree. The company requests a parcel pick-up or
delivery service for cosmetics, with price as the main criterion and an expected service time
of three days (D + 2).

The RF model was applied individually to each of these customer profiles for Operators
1, 2, and 3. The predicted satisfaction ratings generated by the RF model, together with the
corresponding operator recommendations, are shown in Table 11.

Table 11. Results of the RF model in predicting satisfaction ratings for identical customer profiles
across Operators 1, 2, and 3, with recommendations for best operator selection.

Customer Profile
RF Model

Recommended Operator
Operator 1 Operator 2 Operator 3

Customer 1 4.13 3.74 3.75 Operator 1
Customer 2 4.27 3.98 3.62 Operator 1
Customer 3 4.65 4.78 4.03 Operator 2

A detailed analysis of the results indicates that for Customer 1, the RF model predicted
the highest satisfaction rating for Operator 1 (4.13), compared to Operator 2 (3.74) and
Operator 3 (3.75), making Operator 1 the recommended choice. Using the same selection
criteria, Customer 2 is also recommended for Operator 1, with the highest predicted
satisfaction rating (4.27). Conversely, for Customer 3, the RF model predicted the highest
satisfaction rating for Operator 2 (4.78), making it the most suitable choice according to
customer preferences and requirements.

In the selection process, only models with predicted satisfaction ratings within the
range of 3.6 to 5.5 were considered, corresponding to categories of satisfied and highly
satisfied customers. Operators with lower predicted values indicating neutral or dissatisfied
customers were excluded from the final recommendation. Although presented through
illustrative customer profiles, this selection mechanism demonstrates how structured
predictive evaluation can reduce arbitrary or purely perception-based operator choice.

5. Discussion
Postal and logistics systems, while traditionally assessed through market efficiency

and competitiveness, operate in contemporary cities under spatial and environmental
constraints that extend beyond purely business logic [1–3,18,99]. Service organization
therefore influences not only business performance, but also the structure and intensity of
urban freight movements [47–51]. At the same time, operators must respond to increas-
ingly individualized customer expectations while maintaining operational and financial
stability [41–44].

Customer satisfaction is not treated merely as a short-term service outcome. It is consid-
ered a variable shaping loyalty, demand distribution and operator positioning [45,46], and
therefore indirectly influencing the organization of freight flows in urban areas. Under-
standing this linkage becomes particularly relevant in dense cities where small variations
in demand allocation may translate into changes in delivery frequency and traffic patterns.
Accordingly, the aim of this paper was to develop a methodological framework that en-
ables formalized customer profiling and quantitative prediction of their satisfaction using
machine learning methods, with the aim of supporting the process of selecting a postal
and logistics operator while simultaneously respecting the interests of both customers and
operators. This modelling direction is also consistent with the research agenda outlined in
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our earlier review of machine learning applications in postal and logistics systems, where
the development of predictive models for customer satisfaction and operator-oriented
decision support was identified as a relevant avenue for future research [100].

However, within the urban context previously discussed [1–3,18,47–51] this objective
is not limited to business alignment alone. By structuring operator selection through pre-
dictive modeling, the framework is positioned within broader urban freight dynamics,
where individual service choices may influence transport intensity, delivery organization
and spatial distribution of flows in cities. The review of existing literature has shown that
the characteristics of customer profiles in postal and logistics systems have been partially
analyzed. Some works have focused on demographic and geodemographic characteris-
tics of customers such as gender, age, income, education, urban or rural environment of
service use, and the like [26–35]. Another group of works has partially treated customer
requirements in terms of service provision, where criteria for on-time delivery of parcels,
security, price, and the use of ICT are listed [7,9,36–38]. Although these works contribute
to the characteristics of customer behavior, none of these studies provides a formalized
description of the customer profile that would be used in quantitative and/or predictive
research models. In relation to the aforementioned research, the first scientific contribution
of this work is reflected in the integration and systematized approach to customer profiling.
Instead of observing individual characteristics in isolation, the customer profile is mathe-
matically defined as a structured set of interconnected characteristics, which can be directly
used as an input to further statistical and predictive models. In this way, customer-related
variables are not treated as exogenous descriptors, but as analytically structured compo-
nents capable of being linked with operational and potentially environmental dimensions
of urban service systems.

Traditional evaluation frameworks, such as SERVQUAL and Kansei Engineering,
as well as recent fuzzy multi-criteria approaches for logistics service quality assessment,
successfully identify determinants of satisfaction such as reliability, security, staff profes-
sionalism and service availability [61,62,101], but are limited in terms of their application
in predictive decision-making. On the other hand, machine learning applications in the
postal and logistics sector are predominantly focused on the operator perspective, including
customer satisfaction evaluation [55], customer churn prediction [55], price and demand
forecasting [56], cargo classification [57] or product grouping [57]. Certain contributions
address customer-oriented dimensions more directly, for example through satisfaction
evaluation using hybrid approaches [59,60] or through socio perceptual analysis based on
social media content [71]; however, these approaches are generally not embedded within
structured operator selection or broader urban logistics frameworks.

Although some works combine the customer and operator perspectives, for example
through analyses of last-mile delivery [63], optimization of the postal center network [64],
or delivery scheduling and route optimization [102], customer satisfaction in these cases
is mostly considered indirectly, through operational metrics of time, price and reliability.
In [63], a combination of machine learning methods is used to predict the arrival time of
a shipment, providing customers with more informative delivery estimates and enabling
operators to allocate resources more efficiently, while in [64] a spatial-analytical approach
is applied to optimize the locations of postal centers with the aim of improving network
efficiency and service availability. The integrated framework presented in [65], as well as
the concept of sustainable delivery based on AI optimization and electric vehicles [66,103],
already move beyond purely operational efficiency by incorporating environmental and
cost dimensions into system design. Recent intelligent logistics decision-support systems
also combine machine learning with multi-criteria and uncertainty-based approaches to
support circular and sustainable supply-chain decisions [104]. However, even within
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these approaches, customer satisfaction remains positioned as a secondary or indirect
outcome, rather than as an explicitly modeled variable influencing system configuration.
This observation becomes particularly relevant when considering the broader evolution of
machine learning research in logistics. In recent years, the focus has gradually expanded
from efficiency-oriented optimization towards sustainability related questions. ML-based
studies increasingly address emission modelling, fuel consumption reduction, routing under
environmental constraints and the spatial organization of urban freight systems [2,67–70,102].
In parallel, certain contributions examine public perception of freight transport impacts in
urban environments [71]. In this sense, the identified gaps in the purpose of existing mod-
els are filled by this work by developing a framework that simultaneously encompasses
the context of the customer and the operator, with customer satisfaction being explicitly
modeled as a measurable output variable and used as a connecting element for personal-
ized recommendation of the postal and logistics operator and future system performance
analysis. The original methodological contribution of this paper is therefore not reflected
only in the application of machine learning algorithms to customer satisfaction prediction,
but in the way in which the prediction problem is formulated and connected with operator
selection. Unlike studies that analyze customer satisfaction, delivery performance or opera-
tor efficiency as separate research problems, the proposed framework formalizes customer
profiling as a structured input layer, models satisfaction as a measurable predictive out-
put, and uses the predicted satisfaction values as a decision-support basis for comparing
postal and logistics operators. In this way, the paper introduces an integrated behavioral–
predictive framework that links customer characteristics, service perceptions and operator
selection within a single analytical procedure. Accordingly, the methodological novelty
does not arise from modifying the internal structure of the LR, RF, or GB algorithms, which
are applied in their established forms, but from their integration into a newly structured
decision-support procedure that transforms a formalized customer profile into predicted
satisfaction values and subsequently into an operator-selection recommendation.

The observed differences among the models can be interpreted in relation to the
structure of the customer data and the learning mechanisms of the applied algorithms.
Customer satisfaction is unlikely to depend on one attribute in isolation or to follow a
strictly linear pattern. The relevance of a customer characteristic may change according
to shipment type, service expectations, or other elements of the customer profile. Linear
Regression is less suited to such relationships because it represents predictor effects mainly
through an additive linear form and cannot capture nonlinearities or interaction effects
unless they are specified in advance. Random Forest, by contrast, can identify nonlinear
relationships, threshold effects, and interactions directly from the data without imposing a
predefined functional form. Its bootstrap aggregation and random feature selection reduce
the influence of individual observations and limit dependence on a single tree structure,
which is particularly relevant for the relatively small, heterogeneous, and imbalanced
operator-specific datasets used in this study. Gradient Boosting is capable of representing
similar complexity, but its sequential learning process, in which each new tree attempts to
correct the residual errors of the preceding model, may make it more sensitive to sample
structure, target imbalance, and parameter tuning. The improvement of Gradient Boosting
under more balanced data conditions suggests that its weaker results on the operator-
specific datasets were partly associated with sample size and target imbalance. Random
Forest, by contrast, showed greater robustness across different data structures, which
supports its use in the operator-selection stage.

The predictor-importance analysis provides a basis for interpreting how customer sat-
isfaction is formed differently across operator contexts. For Operator 1, the dominant role
of customer category suggests that individual customers, business users, and institutional
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customers evaluate the same service through different usage conditions and expectations.
Their satisfaction may therefore reflect differences in shipment frequency, communica-
tion requirements, contractual flexibility, delivery reliability, and the degree of service
customization expected from the operator. The additional contribution of shipment type
indicates that customer evaluation also depends on the operational context in which the
service is used. For Operator 3, expected delivery time carried the greatest predictive value,
suggesting that satisfaction is strongly influenced by the alignment between the promised
delivery period and the time customers consider acceptable. This points to the importance
of managing expectations, rather than focusing only on delivery speed. For Operator 2, the
absence of a single stable predictor indicates a more complex and compensatory evaluation
pattern, in which several customer and service characteristics jointly shape satisfaction. The
extended dataset further supports the relevance of expected delivery time and customer
category under more balanced target-variable conditions. Taken together, these findings
show that customer behavior is not uniform across the market. Satisfaction reflects different
combinations of customer type, service expectations, and shipment conditions, which
means that the same segmentation and service-adjustment strategy should not be applied
uniformly across operators.

Beyond predictive performance, the results highlight the analytical relevance of ex-
plicitly modelling customer satisfaction as an outcome variable within logistics research. In
many existing studies, customer-related aspects are incorporated only indirectly through
operational indicators such as delivery time, service price, or reliability [7,9,36–38]. In con-
trast, the approach adopted in this study positions customer satisfaction as a measurable
and predictable component of the urban logistics system. By doing so, the model provides
a structured mechanism through which customer-related demand patterns can be analyzed
and linked with the broader organization of delivery services.

From a city logistics perspective, such modelling is particularly relevant because
customer behavior represents an important driver of delivery demand patterns in urban
areas. The ability to predict satisfaction across different operator configurations allows
the identification of customer segments whose expectations are more closely aligned with
particular service profiles. This introduces the possibility of a more structured allocation
of demand across logistics operators, which may contribute to more balanced utilization
of delivery capacities and a more stable organization of urban freight flows. Since failed
deliveries and repeated delivery attempts are recognized as sources of additional transport
activity, congestion, fuel consumption, and emissions [78,79,82], the proposed framework
may provide a behavioral basis for future sustainability-oriented analyses, rather than
direct evidence of environmental improvement.

From a theoretical perspective, the study contributes to the emerging body of research
that integrates behavioral and operational perspectives within urban logistics analysis.
While traditional city logistics models predominantly focus on infrastructure design, net-
work optimization, or policy instruments [3,18], the behavioral dimension of logistics de-
mand has received comparatively less attention. By formalizing customer profiles and mod-
elling satisfaction outcomes through machine learning techniques, the proposed framework
introduces a behavioral analytical layer that complements existing operational approaches.

In this sense, the study contributes to bridging the gap between micro-level customer
preferences and the macro-level organization of freight transport activities in cities. The
predictive modelling of satisfaction provides a quantitative representation of demand-side
dynamics that can be integrated into broader urban logistics planning frameworks. Such
integration is consistent with recent research trends that emphasize the need for data-driven
approaches to support sustainable and adaptive urban freight systems [66,70,103].
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These operator-specific findings can be translated into differentiated operational re-
sponses. For Operator 1, communication channels, delivery options, contractual arrange-
ments, and service packages could be adjusted according to customer category and further
refined by shipment type. For Operator 3, operational attention should focus on aligning
promised delivery periods with customer expectations through clearer communication,
more realistic service commitments, and alternative delivery-time options. For Operator 2,
managerial decisions should rely on combined customer profiles and service conditions
rather than on a single segmentation criterion. More generally, predictive satisfaction
modelling can help operators identify customer profiles associated with lower expected
satisfaction and introduce targeted service adjustments before dissatisfaction results in
complaints, customer loss, or a change in operator. In practical terms, these findings
can be incorporated into a simple decision sequence: first, operators identify customer
profiles associated with lower predicted satisfaction; second, they prioritize the service
dimensions indicated by the predictor-importance results; third, they implement targeted
adjustments; and finally, they monitor whether these changes improve satisfaction and
related operational outcomes. Predictor importance should therefore be treated as a basis
for prioritization and testing, rather than as direct evidence of causality. Where operational
data are available, the effects of such adjustments can be evaluated through indicators such
as first-attempt delivery success, rescheduling, parcel redirection, and repeated delivery
frequency. At the same time, urban logistics planners and policy makers may benefit from
a better understanding of the behavioral patterns that influence delivery demand and
service distribution across the city. When combined with spatial and operational data, these
insights could support the development of more adaptive and demand-responsive urban
freight systems.

6. Conclusions
The rapid expansion of e-commerce and increasing demand for parcel delivery services

have significantly transformed urban logistics systems, intensifying last-mile delivery
activities in cities and raising new challenges related to congestion, operational efficiency
and environmental pressures. In such a context, understanding behavioral demand patterns
and customer expectations becomes increasingly important for improving the organization
of urban parcel delivery services.

This paper addressed these challenges through the development and empirical eval-
uation of a machine-learning-based framework for predicting customer satisfaction with
postal and logistics operators. The proposed comparative modelling approach evaluates
Linear Regression, Random Forest and Gradient Boosting algorithms in order to analyze
how customer characteristics and service perceptions influence satisfaction outcomes and
operator preferences in urban delivery markets.

The empirical results demonstrate that machine learning techniques can effectively cap-
ture complex relationships between customer attributes and satisfaction levels across differ-
ent logistics operators. Among the evaluated methods, the Random Forest model achieved
the highest predictive accuracy and stability. On real datasets, RF achieved MAE = 0.264,
MSE = 0.113 and R2 = 0.791 for Operator 1; MAE = 0.264, MSE = 0.116 and R2 = 0.714 for
Operator 2; and MAE = 0.317, MSE = 0.246 and R2 = 0.769 for Operator 3. On the extended
dataset generated through synthetic resampling, predictive performance further improved
(MAE = 0.159, MSE = 0.100, R2 = 0.936), indicating improved internal predictive stability of
ensemble-based learning under more balanced target-variable conditions.

Beyond predictive performance, the results indicate that behavioral customer data can
provide valuable insights into demand patterns that influence the use of urban delivery
services. By modelling satisfaction across different operators, the framework enables the

https://doi.org/10.3390/su18157786

https://doi.org/10.3390/su18157786


Sustainability 2026, 18, 7786 35 of 41

identification of customer segments whose expectations are more closely aligned with
specific service characteristics, which may support more informed decision-making in the
organization of urban parcel delivery systems. The study provides several interrelated sci-
entific contributions. First, it introduces a structured analytical representation of customer
profiles that integrates demographic, geodemographic and service-related attributes into
a unified modelling framework suitable for predictive analysis. Second, it develops and
empirically evaluates a comparative machine learning framework based on LR, RF and GB
algorithms for predicting customer satisfaction and supporting operator selection in postal
and logistics markets. Third, the study contributes to the growing body of research inte-
grating behavioral demand analysis with logistics system modelling by explicitly treating
customer satisfaction as a quantifiable outcome variable linking customer characteristics
with logistics service performance. The statistical comparison of prediction errors further
strengthens the methodological contribution by confirming that the observed differences
among the models were not only descriptive but statistically significant. In addition, the
predictor-importance analysis extends the interpretation of the model by identifying the
customer and service attributes that contributed most consistently to satisfaction prediction
across the analyzed operators.

From the perspective of urban logistics systems, the broader contribution of the study
lies in highlighting the role of behavioral demand patterns in shaping the organization
of urban freight activities. Customer preferences related to delivery speed, flexibility and
service quality increasingly influence the distribution of parcel delivery demand across
logistics operators in cities. By modelling customer satisfaction across multiple operators,
the proposed framework provides analytical insight into how these demand patterns are
structured within urban delivery markets.

Although environmental indicators were not directly embedded into the predictive
models, the framework establishes a behavioral analytical layer that can support more
comprehensive urban logistics analyses. In this sense, the model contributes to bridg-
ing micro-level customer behavior with the broader organization of urban freight sys-
tems, providing a foundation for future integration with operational logistics data and
sustainability-oriented planning approaches.

In addition to its theoretical and methodological relevance, the model offers several
practical implications for logistics operators and urban freight system stakeholders. For
logistics operators, predictive modelling of customer satisfaction enables a more detailed
understanding of customer segmentation, identification of service dimensions that influ-
ence satisfaction levels, and the development of delivery strategies better aligned with
customer expectations. Such insights may support improved service differentiation and
more adaptive delivery planning in competitive urban logistics markets.

From a broader city logistics perspective, better understanding of behavioral demand
patterns may also assist urban planners and policymakers in analyzing how customer ex-
pectations influence the distribution and intensity of parcel delivery activities in urban areas.
When combined with operational logistics data, such behavioral insights could contribute to
the development of more data-driven and adaptive urban freight management strategies.

Despite the contributions of the study, several limitations should be acknowledged.
The proposed framework is methodologically transferable, since the same modelling pro-
cedure can be applied to other countries, operators and time periods, provided that new
context-specific data are collected and the models are retrained and validated accordingly.
However, the empirical results obtained in this study should be interpreted within the
specific national and temporal context in which the survey was conducted. Since the data
were collected in one country and during one time period, the obtained model performance
and identified satisfaction patterns cannot be assumed to be universally generalizable
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without additional external validation. The empirical analysis relies on survey-based data
describing customer characteristics and perceptions, while operational delivery data and
environmental performance indicators were not directly incorporated into the predictive
modelling framework. As a result, the relationships proposed between customer satisfac-
tion, delivery efficiency, and environmental performance remain conceptual rather than
empirically validated. No logistics performance indicators, failed-delivery data, delivery
success rates, transport activity, or environmental measures were included in this study,
and the sustainability contribution should therefore be understood as indirect.

Future research should therefore focus on integrating behavioral prediction models
with operational logistics datasets, including first-attempt delivery success, failed delivery
rates, delivery frequency, travelled distance, routing characteristics, vehicle types, energy
consumption, emissions, and other environmental performance indicators. Such integra-
tion would enable a more comprehensive examination of how customer-driven demand
patterns influence the efficiency and environmental performance of urban freight transport
systems, thereby strengthening the analytical link between behavioural modelling and
city-environment interactions. In addition, future research could compare the proposed
regression-based approach with ordinal regression and ordinal classification models to
assess the robustness of predictive performance and operator rankings under alternative
modelling formulations. Future studies should also include cross-country and longitu-
dinal datasets in order to examine the temporal stability, external validity and broader
transferability of the proposed modelling framework.
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The following abbreviations are used in this manuscript:

ANN Artificial neural network
B2B Business-to-business
B2C Business-to-consumer
BPMN Business Process Model and Notation
C2C Consumer-to-consumer
CEP Courier, express, and parcel
CFA Confirmatory factor analysis
CRM Customer relationship management
DBSCAN Density-Based Spatial Clustering of Applications with Noise
EFA Exploratory factor analysis
EV Electric vehicle
GB Gradient Boosting
GIS Geographic information system
ICT Information and communication technologies
KNN K-nearest neighbors
LR Linear Regression
LSTM Long Short-Term Memory
MAE Mean Absolute Error
ML Machine learning
MSE Mean Squared Error
NLP Natural language processing
PCA Principal component analysis
RF Random Forest
R2 Coefficient of determination
SEM Structural equation modelling
SERVQUAL Service Quality model
SVM Support Vector Machine
SVD Singular value decomposition
t-SNE t-distributed Stochastic Neighbor Embedding
VADER Valence Aware Dictionary and Sentiment Reasoner
XAI Explainable artificial intelligence
XGBoost Extreme Gradient Boosting

Appendix A
The tuned hyperparameters for each of the implemented models are presented in

Table A1.

Table A1. Model Parameters.

Algorithm Parameters

LR No tuned parameters (baseline linear regression)

RF n_estimators = {50, 100, 200}, max_depth = {None, 10, 20}, random_state = 42,
scoring = ‘neg_mean_squared_error’, cv = 5, n_jobs = −1

GB n_estimators = {50, 100, 200}, learning_rate = {0.01, 0.1, 0.2}, max_depth = {3, 4, 5}, random_state = 42,
scoring = ‘neg_mean_squared_error’, cv = 5, n_jobs = −1

General settings Data split = 80:20 (train test), cross-validation = 5 folds, evaluation metrics = MAE, MSE, R2
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13. Kosovac, A.; Grabovica, E.; Medić, A.; Kalem, A. Proposal of CRM conceptual model/framework to optimise relations among
stakeholders of higher education. Ekon. Misao Praksa 2022, 31, 665–685. [CrossRef]

14. Ngai, E.W.T.; Xiu, L.; Chau, D.C.K. Application of data mining techniques in customer relationship management: A literature
review and classification. Expert Syst. Appl. 2009, 36, 2592–2602. [CrossRef]

15. Jiang, L.; Mahmassani, H. City logistics. Transp. Res. Rec. 2014, 2410, 85–95. [CrossRef]
16. Amaral, R.R.; Aghezzaf, E.-H. City logistics and traffic management: Modelling the inner and outer urban transport flows in a

two-tiered system. Transp. Res. Procedia 2015, 6, 297–312. [CrossRef]
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