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A B S T R A C T

Supply chain forecasting methods have traditionally been developed from the perspective of manufacturing 
companies, which historically held dominant roles within supply chain dynamics. However, the growing 
importance of third-party logistics providers (3PLs) calls for forecasting approaches tailored to their unique 
operational needs. This paper presents a novel forecasting framework specifically designed for 3PLs to accurately 
predict the truck space required for transporting their customers’ products. Unlike conventional methods, the 
proposed approach directly forecasts truck space demand by utilizing data obtained through information-sharing 
technologies to train machine learning models. Furthermore, a customized loss function is introduced for the first 
time, explicitly accounting for the asymmetric costs associated with overestimating and underestimating truck 
utilization. The framework was validated through a real-world case study involving a 3PL operating in the food 
sector. The results demonstrated significant improvements over traditional forecasting techniques, underscoring 
the benefits of integrating machine learning, information sharing, and a tailored loss function to enhance both 
predictive accuracy and cost-efficiency.

1. Introduction

In recent years, 3PLs—responsible for outsourced logistics services 
such as transportation, warehousing, and distribution—have become 
increasingly crucial within supply chains (Bian et al., 2021; Lieb & 
Miller, 2002). The global 3PL market was valued at approximately USD 
1095.85 billion in 2023, with an estimated compound annual growth 
rate of 8.1 % through 2030 (Grand View Research, 2023). As 3PL pro
viders play a more direct role in supply chain efficiency, even minor 
disruptions in their operations can trigger cascading delays and 
increased costs across all stakeholders (Abbasi et al., 2021; Fabbe-Costes 
et al., 2009; Yang & Yu, 2019). This growing complexity has under
scored the importance of accurate forecasting as a value-added function 
in 3PL operations (Wolny & Kmiecik, 2025), particularly for providers 
that utilize Less-Than-Truckload (LTL) transportation strategies (Qiao 
et al., 2020; Saka & Salman, 2024; Tyan et al., 2003; Wong et al., 2018; 
Yoon et al., 2016). The LTL model consolidates smaller shipments from 
multiple customers into trucks, enabling greater cost efficiency (Kay & 
Warsing, 2009). However, its operational complexity determines that 

daily operations in this sector are resource-intensive and require timely 
and precise data to support decision-making and optimize operational 
efficiency (Lai et al., 2008). Additionally, these providers often operated 
within supply chains where power imbalances favored larger stake
holders with greater negotiating leverage. The ability to anticipate 
fluctuations in demand through accurate forecasting thus determined 
the capacity of 3PL providers to adapt and compete effectively. Due to 
their comparatively weaker bargaining power, 3PL providers lacked the 
authority to compel other supply chain members to share more complete 
or timely information. As a result, they were often forced to respond to 
demand variability reactively, relying heavily on their own forecasting 
capabilities to mitigate uncertainty and maintain service levels.

While the importance of 3PL and forecasting activities within these 
supply chain entities has thus grown, developing effective forecasting 
methods remains a significant challenge in this sector (Kmiecik, 2022). 
Several interrelated factors contribute to this complexity. One of the 
most critical aspects is that, in this sector, demand forecasting is 
fundamentally tied to space occupation rather than simply the number 
of products. Indeed, decision-making processes in 3PL operations 
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typically rely on metrics related to space utilization, as capacity plan
ning, load optimization, and route efficiency depend on accurately 
predicting how goods will physically occupy available truck space. 
However, forecasting space occupation is particularly challenging due to 
the possible overlapping of pallets, which must be accurately modeled to 
avoid inefficiencies (Park & Kim, 2010; Silva et al., 2016; Terno et al., 
2000). Traditional forecasting methods, however, often fail to consider 
these spatial considerations, leading to suboptimal load planning and 
increased costs. Additionally, the scale of forecasting required in 3PL 
operations further complicates the process. Unlike manufacturing firms, 
which need to generate forecasts related to suppliers or customers, 3PL 
providers connect producers to retailers, thus requiring forecasts for 
each pair (producer, retailer), significantly increasing the number of 
forecasts that need to be made. Automated systems are thus essential to 
handle complexity and high volume of forecasts effectively. Lastly, 
beyond the sheer number of forecasts required, another critical chal
lenge arises from the asymmetric impact of forecast errors (Sanders & 
Graman, 2009). In 3PL logistics, forecast errors have unequal cost con
sequences. Overestimating the space to reserve generally leads to 
underutilized transport resources and higher holding or idle-capacity 
costs, whereas underestimating it can result in unfulfilled shipments, 
lost sales, and cascading supply chain disruptions. Prior research on 
inventory and forecasting systems shows that these error types are not 
equally costly: holding costs associated with overestimation increase 
gradually, while the costs of lost sales from underestimation escalate 
much more sharply. Consistent with this view, (Dress et al., 2018) 
demonstrate that incorporating asymmetric cost functions into fore
casting models yields substantially lower decision-related costs 
compared to symmetric approaches. Taken together, these findings 
suggest that models which penalize over- and underestimation equally 
are misaligned with the operational realities of 3PL forecasting, where 
space optimization critically depends on recognizing the asymmetric 
nature of forecast error costs. Additionally, recent advancements in deep 
learning further illustrate the value of asymmetric approaches in logis
tics contexts. For instance, Che et al., (2023) developed a CNN-based 
model for precise robot position prediction in logistics environments, 
employing an Asymmetric Gaussian loss function to better capture the 
skewed nature of sensor data and achieve high predictive accuracy. 
Their findings highlight the broader importance of integrating advanced 
deep learning techniques and tailored loss functions into logistics fore
casting and automation, reinforcing the argument that 3PL forecasting 
models must account for asymmetry and complexity to improve 
decision-making and operational efficiency.

A significant gap thus emerges in the capabilities of existing ap
proaches developed in supply chain forecasting to cover these chal
lenges. Due to the minor weight assumed by 3PL providers in the supply 
chain, past methods have been designed from manufacturing firms’ 
perspective. As a result, most existing supply chain forecasting studies 
do not forecast space utilization metrics or consider critical elements 
such as pallet overlapping or the distinct operational risks posed by 
asymmetric forecast errors. Moreover, while information sharing has 
long been recognized as valuable in supply chain operations, limited 
research has investigated how advanced data collection techniques can 
be integrated into a holistic predictive framework that enhances fore
casting accuracy in 3PL operations. Based on this evidence, this study 
argues that addressing these shortcomings and adopting the perspective 
of 3PL providers is essential for advancing the field of supply chain 
forecasting. The primary aim of this paper is to support 3PL forecasting 
activities by introducing a novel, holistic framework for truck space 
reservation prediction. The main contributions of this study are as 
follows: 

• The proposed framework for 3PLs truck space reservation prediction 
extends beyond traditional predictive models by incorporating 
comprehensive data collection methodologies that feed into an in
tegrated system for operative decision-making.

• The proposed framework leverages Machine learning (ML) models 
for the first time to explicitly learn pallet overlapping possibilities 
and to differentially balance the consequences of overestimating and 
underestimating the reserved truck space—thereby mitigating the 
asymmetric impacts of forecast errors relying on a custom loss.

• The practical applicability of the proposed approach is demonstrated 
through a real case study, where it is rigorously benchmarked against 
alternative data collection and model design, underscoring its po
tential to significantly enhance forecasting accuracy and operational 
efficiency in the LTL domain.

The remainder of the paper is organized to initially provide a 
comprehensive review of the literature in Section 2, where existing 
works are examined and key gaps in current predictive models for 3PL 
providers are identified. Then, Section 3 introduces the novel fore
casting framework and the experiments designed to test its effectiveness 
in a real case study against several benchmark models. Section 4 pre
sents the empirical results derived from this case study, which are then 
critically discussed in Section 5. Finally, Section 6 concludes the paper 
with a summary of the key findings and suggestions for future research 
avenues.

2. Literature review

This Section begins by exploring key trends in supply chain fore
casting, focusing on the increasing emphasis on information sharing, the 
integration of ML technologies, and the rise of end-to-end predictive 
models as major advancements in the field. It then reviews the existing 
literature on predictive models tailored for 3PL operators, revealing a 
limited uptake of these innovations within the sector. This gap high
lights the originality and relevance of the present study, which seeks to 
address this shortfall by introducing advanced forecasting approaches 
designed explicitly for 3PL providers.

2.1. Key trends in supply chain forecasting

Supply chain forecasting has always represented a fundamental step 
in decision-making processes, significantly influencing the effectiveness 
of operations planning, resource allocation, and risk management across 
organizations (Xie et al., 2004). Accurate forecasting improved 
manufacturing capacity and logistics planning and reduced inventory 
distortion and avoided substantial revenue losses. Indeed, Chen et al., 
(2007) highlighted that demand forecasting outcomes formed the 
foundation of various planning activities within demand–supply net
works, directly influencing operational effectiveness. Their research 
emphasized that uncertainty in demand signals propagated through 
supply chains, magnifying the risks of ineffective operational plans and 
making accurate forecasting essential. Similarly, Doganis et al., (2008)
demonstrated the importance of forecasting integration within Model 
Predictive Control frameworks, showing that predictive insights signif
icantly enhanced the efficiency of control actions and overall system 
performance. Additionally, Jauhar et al., (2024) further stressed this 
aspect, identifying inventory distortion due to inaccurate forecasting as 
a major cause of substantial revenue losses across large organizations.

Due to its central role in orchestrating complex networks, supply- 
chain forecasting has thus progressively leveraged richer, multivariate 
data and enhanced information-sharing mechanisms to improve accu
racy and coordination. Early work demonstrated the fundamental ben
efits of sharing demand signals for suppliers and the wider network 
(Zhao & Xie, 2002) and highlighted trust as a prerequisite for honest 
data exchange (Firouzi et al., 2016). More recent studies have incor
porated diverse inputs—ranging from real-time order weight and ship
ment counts (Chien et al., 2023; Shao et al., 2025) to news-based 
sentiment analysis in crisis settings (Nguyen et al., 2023)—while pre
serving privacy through federated learning (Zheng et al., 2023) and 
carefully selecting data sources based on their relative predictive value 
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(Abolghasemi et al., 2023; Dai et al., 2022; Yang et al., 2021).
Concurrently, the field has shifted from traditional statistical 

methods toward advanced machine-learning and deep-learning tech
niques (Ali et al., 2024; Punia et al., 2020). Applications of predictive 
ML for disruption forecasting (Brintrup et al., 2020) and reinforce
ment-learning for dynamic inventory control (Chien et al., 2020) have 
demonstrated substantial accuracy gains. Architectures such as LSTM 
have been shown to outperform classical approaches under variable 
demand (Kantasa-ard et al., 2021), while hybrid neural models have 
further reduced error rates (Hooshmand Pakdel et al., 2025; Shajalal 
et al., 2023). End-to-end, data-centric resilience frameworks (Li et al., 
2025) and synthetic data generation strategies (Long et al., 2025; Vla
chos & Reddy, 2025) continue to expand the practical adoption of ML 
and DL across complex supply-chain environments.

Finally, a significant evolution within forecasting practices was the 
transition from a “predict-then-optimize” paradigm (Mete Ayhan & Kır, 
2024) to integrated, end-to-end forecasting solutions that simulta
neously predicted demand and optimized operational costs. Sanders & 
Graman, (2009) emphasized the critical impact of forecast accuracy and 
bias on organizational costs, highlighting the necessity of integrated 
approaches that directly considered cost structures in forecasting 
models. Goltsos et al., (2022) reinforced this perspective by critically 
reviewing the fragmented literature and advocating for a unified 
approach that jointly addressed forecasting and inventory control de
cisions. They introduced a structured framework that explicitly 
addressed the interactions between forecasting and operational 
decision-making, emphasizing the practical benefits and complexities of 
this comprehensive approach. Babaveisi et al., (2023) further illustrated 
the value of integrated models, demonstrating how combining fore
casting with inventory and resource planning significantly enhanced 
decision-making efficiency, optimized costs, and improved overall 
forecasting performance in resource-intensive environ
ments—underscoring the growing importance and practical advantages 
of simultaneous prediction and optimization methodologies in modern 
supply chains.

In summary, the recent evolution of supply chain forecasting has 
been marked by three key trends: the increased emphasis on 
information-sharing and enriched input data, the growing adoption of 
advanced ML and DL techniques over traditional statistical models, and 
the shift toward integrated, end-to-end forecasting approaches that 
jointly optimize operational outcomes. While these advancements have 
been explored across various supply chain segments, their application 
within the 3PL sector remains notably limited as the following Section 
demonstrates.

2.2. Research gaps in supply chain forecasting for 3PL

Statistical forecasting models had historically represented the pri
mary forecasting practices within the 3PL sector, providing foundational 
tools for predictions essential to operational management. Kmiecik & 
Wolny, (2022) explored the operational integration of an ARIMA-based 
forecasting model within a logistics provider serving a confectionery 
manufacturer. Their study underscored the tool’s practical value in 
resource planning. Nevertheless, they identified gaps concerning the 
model’s transparency and verifiability—factors that operational man
agers found crucial yet insufficiently addressed by the statistical 
approach. Further supporting this initial preference for statistical 
models, Kmiecik, (2025) reinforced that 3PL companies extensively 
employed statistical forecasting methodologies to enhance the accuracy 
of demand and supply forecasts across multiple logistics facilities. The 
study emphasized the direct correlation between data quality, fore
casting accuracy, and the skill level of personnel managing these sta
tistical tools. It also noted specific limitations, such as challenges in 
accurately forecasting smaller, frequent order volumes typical of e- 
commerce flows, suggesting the need for advancements beyond purely 
statistical models. Additionally, in analyzing forecast errors within a 

3PL’s multiple distribution channels, Wolny & Kmiecik, (2025)
emphasized the importance of customized statistical forecasting models 
tailored to individual distribution channels. Although their approach 
reinforced the practical benefits of statistical methods, the lack of clarity 
regarding model inputs and forecasting mechanisms limited compre
hensive error source identification, pointing toward the potential ben
efits of transitioning to more interpretable or advanced predictive 
methodologies.

A progressive shift toward ML and DL methods emerged in recent 
years, offering significant advantages over traditional statistical models. 
Zhou et al., (2006) first highlighted the feasibility and superior predic
tive capability of Neural Networks in demand forecasting for LTL car
riers, demonstrating their effectiveness compared to conventional time- 
series approaches. Zhou, (2017) extended this perspective by advocating 
a combined forecasting method integrating exponential smoothing, 
ARIMA, and Neural Networks, which further enhanced prediction ac
curacy through optimized weighting. Lorenc et al., (2021) utilized 
Artificial Neural Networks combined with Big Data analytics and 
Internet of Things sensors, successfully forecasting temperature dis
ruptions in cold chain logistics and significantly reducing waste and 
operational disruptions. Similarly, Kramarz & Kmiecik, (2022) devel
oped a forecasting model tailored for distribution networks, linking 
forecasting capabilities directly to logistics coordination skills within 
3PL providers and emphasizing the need for comprehensive, data-driven 
predictive approaches.Furthermore, Kmiecik, (2023) advanced this line 
of inquiry by analyzing 29 distribution networks, partially confirming 
that ML- and ANN-based forecasts outperform traditional methods in 
complex or food-related networks, while also demonstrating the benefits 
of modern technologies such as cloud-based WMS, EDI, and tracking 
standards in enhancing logistics coordination and supporting manu
facturers’ demand planning.

Following key trends in supply chain forecasting, ML and DL models 
also began to adopt multivariate data. Lindsey et al., (2014) successfully 
leveraged multivariate inputs to optimize real-time pricing and capacity 
sourcing decisions for 3PL providers. Budak et al., (2017) demonstrated 
the effectiveness of multivariate forecasting frameworks using artificial 
neural networks and quantile regression for predicting truckload spot 
market prices, highlighting their applicability and superior accuracy. 
Polim et al., (2017) introduced a multivariate, data-driven framework 
employing tree-based quantile regression forests, significantly 
improving delivery time predictions by integrating operational pre
dictors. Additionally, Gürbüz et al., (2019) applied multivariate Artifi
cial Neural Network and data mining techniques to predict and analyze 
operational error parameters within logistics services, demonstrating 
substantial potential for enhancing service quality and operational ef
ficiency through comprehensive, multivariate data analysis.

Despite these advancements in forecasting methodologies, several 
gaps could still be observed in the current literature. Table 1 categorized 
the reviewed studies based on their predicted output, the input data 
provided to the models, and the loss function adopted for their training. 
According to Table 1, the adoption of loss functions tailored specifically 
to the operational needs of 3PL providers remained notably absent in the 
current literature. Existing forecasting frameworks predominantly uti
lized standard accuracy metrics and lacked metrics based on operational 
cost functions. Moreover, even though the prediction of truck space 
utilization represented a critical planning unit within the 3PL domain, it 
remained a significantly underexplored area. Indeed, only one study, 
conducted by Grzelak et al., (2019), attempted to forecast space re
quirements using a multiple regression method. However, this study did 
not incorporate data from information-sharing technologies or apply 
custom loss functions to optimize predictions. Based on this evidence, 
the proposed approach represented the first forecasting model for 3PL 
providers that leveraged ML techniques trained on custom loss functions 
and relied on multivariate input data from information-sharing tech
nologies to predict truck space utilization.
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3. Materials and methods

This Section begins by outlining the problem addressed in this study 
(Section 3.1). It then introduces the proposed approach, detailing its 
main components and structure (Section 3.2). Finally, the experimental 
design used to evaluate the approach is presented, along with a 
description of the setup and conditions under which the experiments 
were conducted (Sections 3.3 and 3.4).

3.1. The 3PL truck space reservation forecasting problem

Every day, 3PLs receive multiple shipments from various producers, 
consolidate them at their warehouses, and dispatch them to the corre
sponding retailers. Due to the tight time constraints typical of sectors 
such as food distribution, the time available for unloading, sorting, and 
reloading products is extremely limited. In addition, 3PLs often receive 
incomplete or late information regarding upcoming shipments, which 
hinders their ability to plan truck capacity efficiently in real time. As a 
result, 3PLs must rely on demand forecasts to anticipate how much space 
will be needed on each truck for every producer–retailer pair on a given 
day. Fig. 1 presents an overview of the considered problem. Specifically, 
a supply chain consisting of a set of Producers P, a set of Retailers R, and 
a 3PL responsible for goods shipments from producers to retailers 
operating with LTL transports is considered.

To formalize this forecasting problem, Table 2 introduces the main 
variables and notation.

According to Fig. 1 and Table 2 the core challenge of forecasting in 
3PL environments is the need to generate accurate estimates Dforecast

ijt 

before the true space requirement Dreal
ijt is known based on incomplete or 

inaccurate information exchanged with producers Ideclared
ijt . In addition, 

when solving the forecasting problem it has to be considered that the 
cost implications of errors are asymmetric: 

• If Dforecast
ijt > Dreal

ijt , the truck will be underutilized, incurring cost 

Cunder− saturated

Table 1 
Literature review summary on 3PL supply chain forecasting models. M: Multi
variate, U: Univariate, S: Statistical Model; ML: Machine Learning Model.

Study Forecasted 
metric

Forecasting 
models

Forecasting 
input type

Custom 
loss 
function

Lindsey et al., 
(2014)

Shipment 
price

S M No

Budak et al., 
(2017)

Shipment 
price

ML M No

Lorenc et al., 
(2021)

Cold chain 
disruptions

ML U No

Kramarz & 
Kmiecik, (2022)

Products 
demand

ML U No

Polim et al., 
(2017)

Shipment 
time

ML M No

Kmiecik, (2022) Products 
demand

ML U No

Gürbüz et al., 
(2019)

Damage 
parameters

ML M No

Kmiecik, (2025) Products 
demand

S U No

Wolny & Kmiecik, 
(2025)

Products 
demand

S U No

Grzelak et al., 
(2019)

Pallet space 
demand

ML U No

Kmiecik & Wolny, 
(2022)

Products 
demand

S U No

Zhou et al., (2006) 
Zhou et al., 
(2006)Zhou 
et al., (2006) 
Zhou et al., 
(2006)

Products 
demand

ML U No

Zhou, (2017)Zhou, 
(2017)Zhou, 
(2017)Zhou, 
(2017)

Products 
demand

ML U No

This study Truck space 
demand

ML M Yes

Fig. 1. Problem Overview.
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• If Dforecast
ijt < Dreal

ijt , the 3PL may lack sufficient truck space, causing 
missed deliveries or expedited shipments, and thus incurring a 
higher cost Cover− saturated

Therefore, the forecasting objective is twofold: 

1. To estimate the future truck space requirement Dforecast
ijt for each 

producer–retailer pair on each day t;

2. To minimize the overall cost associated with forecasting errors, ac
counting for their asymmetric impacts.

3.2. The new proposed forecasting framework

Fig. 2 illustrates the proposed framework to solve the 3PL truck space 
reservation forecasting problem detailed in the previous Section 3.1. 
Specifically, the proposed framework details the forecasting models’ 
design and provides a holistic view of how 3PLs should redesign their 
operations from a data-driven perspective. In particular, the framework 
encompasses the data collection, the design of the forecasting model and 
the data flow related to the new data-driven-based operations.

Starting from the data collection, which represents the core element 
of each data-driven solution, the proposed framework identifies valu
able data to collect and the related technological solutions for data 
acquisition. Specifically, two distinct moments for data gathering are 
identified based on their temporal position with respect to the planning 
phase. The ex-ante data collection refers to the data collected before the 
planning phase of the truck. Conversely, the ex-post data refers to those 
data that can be acquired after the planning stage (and thus after the 
forecast generation) once products are received in the 3PL warehouse.

According to the Fig. 2, the ex-ante data collection should focus on 
gathering data provided by producers through information-sharing 
mechanisms. Valuable information to collect in this phase is repre
sented by the total weight of products in the order of producer i desti
nated to retailer j in period t, the total number of shipment units in the 

Table 2 
Problem nomenclature.

ACRONIM NOMENCLATURE

P = {1, ..i,
⋯M}

Set of producers

R = {1, ..j,
⋯N}

Set of retailers

T = {1,..t,⋯T} Set of days
Ideclared
ijt Information specified from a producer i related to the request of 

shipment to retail j in day t
Dforecast

ijt Forecasted space to reserve on a truck for products of producer i to 
deliver to retail j in day t

Dreal
ijt Real space to reserve on a truck for products of producer i to 

deliver to retail j in day t
Cover− saturated Cost of overestimating the real space to reserve on the truck

Cunder− saturated Cost of underestimating real space to reserve on the truck

Fig. 2. Proposed framework for 3PL truck space reservation prediction problem.
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order of producer i destinated to retailer j in period t and other infor
mation such as order frequency or product types. Indeed, such indirect 
information can help to generate future estimates of the truck space to 
reserve for products related to the producer i directed to retail j in day t 
(Dforecast

ijt ). Moreover, these data represent information often present in 
producers’ databases due to the need to manage their internal logistics. 
Potential technological solutions for collecting data at this stage may 
include supplier portals or EDI protocols. Indeed, 3PL integration has 
been widely recognized as a fundamental element for value creation in 
several studies (Lai et al., 2008; Premkumar et al., 2021) and supplier 
web portals and EDI protocols represent widely recognized technolog
ical solutions to address this necessity.

In contrast, ex-post data collection aims to capture the real values of 
the truck space to reserve for products of producer i to retailer j in day t 
(Dreal

ijt ). Indeed, collecting ex-post data is crucial for training predictive 
models that use a supervised learning approach that requires historical 
data reflecting actual values for generating reliable forecasts. A funda
mental aspect to capture at this step is the reduction of space in the value 
of Dreal

ijt due to the possible overlapping of pallets. The moment suggested 
to capture this effect, for the ex-post data collection, is thus exactly 
before the filling process of the truck when “columns of pallet” are 
formed on the ground and prepared to be positioned inside the truck. 
Indeed, according to Fig. 3, as pallets present standard dimensions on 
the plant, capturing the height of these “columns” allows to uniquely 
identify the space occupied within the truck by each product related to 
specific deliveries from producer i to retailer j in day t.

The technological solutions suggested for this phase may include 
various levels of automation, starting from adopting barcode scanners, 
which can help track the number of generated columns of pallets. 
Alternatively, machine vision algorithms, placed within fixed gates or 
over forklifts, can be deployed to automatically estimate the necessary 
values without relying on the human workforce to generate the neces
sary annotations.

Once both ex-ante and ex-post data are gathered, according to the 
proposed approach, the use of supervised ML algorithms is adopted to 
uncover patterns between ex-ante data and the ex-post data and thus to 
generate the forecasts Dforecast

ijt . Specifically, among the available su
pervised ML algorithms, in this study, the adoption of CatBoost regressor 
algorithms is suggested (Dorogush et al., 2018). Gradient-boosting de
cision trees have demonstrated high predictive performance in a wide 
set of forecasting competitions (Bentéjac et al., 2021; Gupta et al., 2016; 
Islam & Amin, 2020). Moreover, among gradient-boosting algorithms, 
CatBoost has reported the best performance (Dorogush et al., 2018). 
Although CatBoost, XGBoost, Random Forests, and interpretable models 
each have advantages for structured data, CatBoost offers specific ben
efits: it handles categorical features natively, automatically trans
forming identifiers such as producer and retailer IDs into statistically 
meaningful representations. This is achieved through target-based 
encoding, where categorical values are replaced by aggregated statis
tics (e.g., averages) of the target variable computed over the training 
data in a way that preserves generalization. As a result, IDs and other 
categorical inputs can be directly leveraged by the model without 

extensive manual preprocessing, improving both efficiency and predic
tive accuracy. Morevore, it reduces overfitting via ordered boosting, and 
often achieves superior accuracy without extensive tuning. Compared to 
XGBoost and LightGBM, CatBoost’s symmetric tree-building and effi
cient handling of default parameters simplify model training and can 
yield faster convergence on heterogeneous datasets. While Random 
Forests provide robustness and interpretability, they may underperform 
in predictive accuracy for complex feature interactions relative to 
gradient-boosting algorithms. Furthermore, although linear or rule- 
based interpretable models facilitate transparency, they often lack the 
nonlinear capacity required for capturing intricate patterns in 3PL op
erations. Therefore, CatBoost represented a balanced choice, combining 
high predictive power, built-in categorical support, and manageable 
tuning complexity. Furthermore, to consider the nature of the different 
effects that forecasting error generates in the problem, implementing a 
custom loss function within the CatBoost algorithm is suggested. Indeed, 
the custom loss function determines the objective the algorithm seeks to 
minimize to reduce prediction error. However, while for regression 
tasks, the Root Mean Squared Error (RMSE) is a widely adopted loss 
function, its definition, according to Equation (1), does not allow weight 
forecasting error since they are over-estimating or under-estimating the 
predicted metric: 

RMSEij =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑T

t=1

(
Dforecast

ijt − Dreal
ijt

)2

T

√
√
√
√

(1) 

Therefore, when supporting 3PLs predictions, the custom loss intro
duced in Equation (2) can be adapted to better capture the imbalance 
nature of forecasting error in the problem: 

CUSTOMLOSS =

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

α

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑T

t=1

(
Dforecast

ijt − Dreal
ijt

)2

T

√
√
√
√

ifDforecast
ijt ≥ Dreal

ijt

β

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑T

t=1

(
Dforecast

ijt − Dreal
ijt

)2

T

√
√
√
√

ifDforecast
ijt < Dreal

ijt

(2) 

In designing the proposed custom loss function, the square root term 
from the standard RMSE has been retained to preserve the interpret
ability of errors in the same units as the forecasted metric, ensuring that 
stakeholders can directly gauge the magnitude of deviations. Compared 
to a plain MSE, the square root dampens the effect of extreme errors so 
that large deviations do not dominate the objective unduly. Meanwhile, 
unlike MAE (Mean Absolute Error), which treats all errors linearly, the 
square root form still more heavily penalizes larger squared deviations 
than MAE, providing a balance between sensitivity to outliers and 
interpretability. The piecewise structure further distinguishes the pro
posed approach by enabling different scaling factors α and β for un
derestimation and overestimation. In many 3PL operations, 
underestimating required truck space (leading to over-saturation) can be 
costlier—causing missed shipments or expedited deliveries—while 
overestimation (resulting in under-utilized capacity) leads primarily to 
idle resources. Traditional symmetric losses (e.g., RMSE or MSE) cannot 

Fig. 3. Suggested moment to perform the ex-post data collection.
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capture this asymmetry; even quantile loss functions require specifying a 
quantile threshold, which does not explicitly relate to cost ratios. By 
contrast, the proposed piecewise loss allows direct calibration of α and β 
to real-world cost metrics, providing a more intuitive and operationally 
aligned objective. As a result, the proposed loss function balances 
interpretability, robustness to outliers, and cost-aware asymmetry, 
outperforming standard regression losses in settings where over- and 
underestimation have very different implications. Indeed, the proposed 
loss function includes different penalties for overestimating and 
underestimating predictions, reflecting the real-world operational costs 
more accurately. Specifically, α and β can be adopted to represent the 
respective costs of underestimating Cunder− saturated and overestimating 
Cover− saturated the true values.

In conclusion, once the model has been accurately designed and 
trained using data collected over an adequate period (for instance, one 
year), the workflow should start with the daily reception of information 
from suppliers (Ideclared

ijt ). This data is then combined with historical re
cords of the actual space to reserve on trucks observed for each specific 
producer-retailer pairs (Dreal

ijt ) and fed into the forecasting model. The 

resulting predictions Dforecast
ijt can be promptly transmitted to the plan

ning department to optimize load planning or routing. Moreover, a 
continuous data collection process must be implemented daily, 
capturing the new Dreal

ijt generated values each time products are received 
in the 3PL warehouse. This information is stored in a centralized data
base, ensuring the predictive models can be periodically retrained and 
tuned to maintain accuracy.

3.3. Experimental design

Data collected from a real case study of a 3PL in the food sector has 
been adopted to validate the effectiveness of the proposed framework. 
The initial dataset consisted initially of 1′308′761 rows and 114 col
umns. At the finest level, each row represents a single pallet on a 
particular trip—i.e., one pallet traveling from a specific producer to a 
specific retailer on a given day. For each pallet, operators recorded its 
height, while the ERP and supplier portal supplied the declared weight 
and the number of shipment units together with other additional in
formation. Any row lacking both a valid pallet weight and a declared 
number of colli was dropped in its entirety (removing the corresponding 
order from that producer to that retailer) to prevent partial, misleading 
information when later aggregated. This cleanup affected only 0.7 % of 
rows, reducing the dataset to 1′299′599 records. Table 3 provides a few 
key data describing the complexity of the examined case study.

Starting from those 1′299′599 pallet-level records, rows have been 
aggregated by producer–retailer pair and date. For each pair (i = pro
ducer, j = retailer) on day t. After aggregation, the dataset contained 
441′801 unique (i, j, t) observations. We also trimmed the number of 
columns from 114 to the 7 essential fields. The retained field represented 
the identifier related to producer, retailer and date, the value of the 
reserved truck space which is the object of prediction and the additional 
information shared with producers to support forecast.

Specifically, according to the framework described in Fig. 2, the set 
of information exchanged with producers in the company (Ideclared

ijt ) 
included: 

• The total weight of products in the order (Wdeclared
ijt );

• The total number of shipment units in the order (SUdeclared
ijt ).

Fig. 4 highlights the correlation between these values and the real 
historically observed space reserved for products on trucks for each pair 
of producer i and retailer j (Dreal

ijt ).
According to the Fig. 4, a high correlation between the target vari

able (Dreal
ijt ) and the variables suggested to collect in the ex-ante phase 

(Ideclared
ijt ) can be noticed. This evidence thus provides empirical support 

for the theoretical statements reported in Section 3.2.
Starting from the data collected in the examined case study, several 

benchmarks have been compared to the proposed framework to validate 
its effectiveness. In particular, a benchmark data collection that does not 
consider the possibility of leveraging information-sharing mechanisms 
has been adopted to validate the effectiveness of the data collection 
reported in the framework. In this first benchmark, predictive models 
are thus trained in a univariate manner, relying only on the historical 
evolution of the truck space reserved for a specific pair of producer i and 
retailer j in the past days.

Conversely, benchmark approaches based on different forecasting 
models have been considered to investigate the effectiveness of the 
model design proposed in the framework. Specifically, traditional and 
statistical models such as the Naïve Moving Average (NMA) model and 
the Autoregressive Integrated Moving Average Model (ARIMA) have 
been considered here. Moreover, to confirm the benefit of relying on 
CatBoost within the family of gradient boosting models, the LightGBM 
model, which represents another model based on gradient boosting 
logic, has been considered as an additional benchmark.

Lastly, a version of the CatBoost model trained with a classical RMSE 
loss function has also been considered to evaluate the benefit of relying 
on the proposed custom loss function.

A summary of the characteristics of the proposed approach and the 
benchmarks generated from the combination of the different data 
collection and the model architectures is reported in Table 4.

To ensure a fair comparison, all models were trained on the same 
dataset and evaluated on the same output (Dreal

ijt ), although they had 
access to different input features based on their design. Univariate 
benchmarks (NMA, ARIMA, LightGBM, CatBoost) only used historical 
Dreal

ijt , whereas covariate-based models (ARIMA_COV, LightGBM_COV, 

CatBoost_COV, and CatBoost_COV_CL) received Wdeclared
ijt , SUdeclared

ijt , Dreal
ijt . 

Only CatBoost_COV_CL applied the custom loss because it uniquely 
supports user-defined objectives; other models employed RMSE to pro
vide a consistent baseline. By varying model architecture (e.g., CatBoost 
vs. LightGBM) or input features (univariate vs. multivariate) while 
evaluating all approaches on the same data, an ablation analysis has 
been conducted to isolates the benefits of the proposed approach: the 
multivariate framework and cost-aware custom loss.

Lastly, widely recognized accuracy metrics have been considered 
during the experiments to compare the proposed approach’s effective
ness against the examined benchmarks. These metrics included the 
Mean Error (ME), the Root Mean Squared Error (RMSE), the Mean Ab
solute Percentage Error (MAPE) and the R2 coefficient. The metrics have 
been computed for each pair (producer i, retailer j) as follows: 

MEij =
1
T
∑T

t=1
Dreal

ijt − Dforecasted
ijt (3) 

MAEij =
1
T
∑T

t=1

⃒
⃒
⃒Dreal

ijt − Dforecasted
ijt

⃒
⃒
⃒ (4) 

MAPEij =
1
T
∑T

t=1

⃒
⃒
⃒Dreal

ijt − Dforecasted
ijt

⃒
⃒
⃒

Dreal
ijt

(5) 

Table 3 
Case study data overview.

DATA VALUES

Average number daily of producers 130
Average number of daily retailers 700
Average number of daily trucks 250
Average number of daily orders 1300
Data collection period 2021––2024
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RMSEij =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
T
∑T

t=1

(
Dreal

ijt − Dforecasted
ijt

)2
√

(6) 

Rij2 = 1 −

∑N
t=1(D

real
ijt − Dforecastedijt )

2

∑N
t=1(D

real
ijt − Drealijt )

2 (7) 

Where T is the total number of days considered in the the test set.
Additionally, a Transport Cost Metric (TCM) considering the cost of 

the unsaturated truck and undelivered goods has been introduced to 
complement the analysis: 

TCMij =

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

Cover− saturated

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑T

t=1

(
Dreal

ijt − Dforecasted
ijt

)2

T

√
√
√
√

ifDreal
ijt ≥ Dforecasted

ijt

Cunder− saturated

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑T

t=1

(
Dreal

ijt − Dforecasted
ijt

)2

T

√
√
√
√

ifDreal
ijt < Dforecasted

ijt

(8) 

Where Cover− saturated and Cunder− saturated represent the cost generated when 
predictions underestimate and overestimate the real space to reserve on 
trucks.

The cost parameters (Cover− saturated) and (Cunder− saturated) have been 
directly extracted from the case study’s operational cost records. Table 5
reports the values used in this study, reflecting costs per cubic meter of 

forecasting error based on historical financial data.
Lastly, an explainability study based on SHAP values was conducted 

on both the proposed CatBoost model with covariates and custom loss 
(CatBoost_COV_CL) and the baseline CatBoost model with standard 
RMSE loss (CatBoost_COV). The trained models were applied to a held- 
out test set, and SHAP values were computed for each feature across all 
observations. SHAP summary plots were generated to assess the overall 
contribution of each covariate to model outputs. By comparing the 
distribution and magnitude of SHAP values between the two models, it 
was possible to determine whether the cost-aware loss function altered 
the relative importance or interaction patterns of declared weight and 
shipment units without compromising the stability of feature attribu
tions. This approach preserves transparent, consistent explanations of 
model behavior while enhancing cost sensitivity. Moreover the time 
required to train each predictive model is recorded in seconds.

Fig. 4. Pearson correlation observed in the examined case study between data obtained from producers through information-sharing mechanisms and the real space 
reserved on trucks for its products.

Table 4 
Nomenclature of the examined forecasting approaches.

Approach group Approach nomenclature Forecasting algorithm Input Data Loss function

Proposed CatBoost_COV_CL CatBoost Wdeclared
ijt SUdeclared

ijt Dreal
ijt

Custom Loss

Benchmark NMA Naïve Moving Average Dreal
ijt RMSE

Benchmark ARIMA Autoregressive Integrated Moving Average Dreal
ijt RMSE

Benchmark ARIMA_COV Autoregressive Integrated Moving Average Wdeclared
ijt SUdeclared

ijt Dreal
ijt

RMSE

Benchmark LightGBM LightGBM Dreal
ijt RMSE

Benchmark LightGBM_COV LightGBM Wdeclared
ijt SUdeclared

ijt Dreal
ijt

RMSE

Benchmark CatBoost CatBoost Dreal
ijt RMSE

Proposed CatBoost_CL CatBoost Dreal
ijt Custom Loss

Benchmark CatBoost_COV CatBoost Wdeclared
ijt SUdeclared

ijt Dreal
ijt

RMSE

Table 5 
Case study cost parameter.

Cost parameter Value [euro/m3]

Cover− saturated 9

Cunder− saturated 15
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3.4. Experimental setup

Experiments have been developed by simulating the performances of 
the proposed and benchmark approaches over the historical data 
collected in the examined case study. Specifically, the overall available 
dataset has been initially split into three different parts, maintaining the 
temporal integrity of the entire dataset: the training set (from 2021 to 
2022), the validation set (from 2022 to 2023) and the test set (from 2023 
to 2024).

Initially, the training and validation sets were adopted to tune the 
hyperparameter of each forecasting model by selecting the hyper
parameter that led to the lowest average RMSE over the validation set. 
Once the model hyperparameters have been identified, both the training 
and the validation set have been adopted as a new training set, and the 
metrics detailed in Section 3.3 have been computed over the test set. 
Details of the hyperparameter space and the selected hyperparameter 
for each model have been reported in Table 5. A Bayesian optimization 
approach with a time limit of 8 h has been adopted to search over the 
defined hyperparameter space. The definition of this search space was 
based on prior empirical knowledge, as no universally valid tuning 
strategy exists and the optimal ranges are typically data-dependent. 

While this represents a limitation, it does not compromise the repro
ducibility of the study, since both the search space and the optimization 
procedure are fully documented (See Table 6).

During both the tuning phase and forecast generation over the test 
set, a rolling forecasting horizon schema was adopted to simulate the 
day-by-day workflow of a typical 3PL provider. Specifically, the training 
dataset progressively included the data in the rolling period as time 
passed, and predictions were generated for a specific forecasting win
dow every day. Specifically, because truck planning is a recurring pro
cess for the next day, the rolling period has been considered to be 1 day 
and the forecasting window has been considered 1 day.

All the experiments have been coded in Python, relying on the Darts 
library for the forecasting models, while the Optuna packages have been 
adopted for the Bayesian tuning strategy. All the computational exper
iments were conducted on a workstation with the following specifica
tions: an Intel® Core™ i9-10900 CPU operating at 2.80 GHz, 64 GB of 
RAM. The workstation operated on Windows 10 Pro (version 22H2). The 
operating system was based on a 64-bit architecture.

4. Results

This Section reports the results of the experiment described in the 
previous paragraph. Specifically, Section 4.1 compares the forecasting 
accuracy between the proposed and the benchmark models. Section 4.2
illustrates a parametric comparison analysis of the cost produced by 
each forecasting model when varying the ratio between the Cover− saturated 

and Cunder− saturated. Section 4.3 details the computational efficiency of 
each model. Finally, Section 4.4 presents the SHAP-based explainability 
analysis, contrasting feature-attribution patterns under the standard 
RMSE loss and our cost-aware custom loss.

Table 6 
Model research space and selected hyperparameter.

Model Hyperparameter Research space Selected value

NMA Window size [3, 5, 7, 10, 14] 7
ARIMA (p,d,q) order p:[0–5], d:[0–2], q:[0–5] (2,1,2)
LightGBM Num. of estimators [50, 100, 200, 500, 1000] 200

Learning rate [0.01, 0.05, 0.1, 0.2] 0.05
CatBoost Num. of estimators [100, 300, 500, 1000] 500

Depth [4, 6, 8, 10] 6
Learning rate [0.01, 0.05, 0.1] 0.1

Fig. 5. Accuracy performance comparison in pallet predictions.
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4.1. Accuracy performance results

Fig. 5 compares the distributions of the accuracy metrics obtained 
when leveraging the proposed approach and the benchmarks to predict 
the future value of the truck space to reserve for each producer i and 
retailer j in the investigated case study.

According to the Fig. 5, several considerations can be made. First, a 
progressive improvement in forecasting accuracy is observed as the 
models advance from traditional statistical methods to ML-based ap
proaches. Traditional models, such as NMA, exhibit a median MAE of 
approximately 0.85, a MAPE of around 93 %, and an R2 close to –0.05. 
Conversely, advanced ML models like CatBoost show a median MAE of 
approximately 0.01, a MAPE of around 12 %, and an R2 close to 1 for 
these metrics. In addition, they achieve a considerably narrower 
dispersion of error. Indeed, whiskers in ARIMA extend from 26 % to 199 
% in terms of MAPE, while the metric’s value remains within the range 
of 3–28 % for the CatBoost model.

In addition to the superiority of advanced models, a significant 
performance improvement can also be noticed when moving from the 
benchmarks to the proposed multivariate data collection relying on data 
acquired through information-sharing mechanisms. Indeed, regardless 
of the specific forecasting method, shared information allows for 
consistently generating better predictions independently of the fore
casting model considered. Median MAPE decreased from 93 % to 38 % 
for the ARIMA models, 32 % to 27 % for the LightGBM model, and 15 % 
to 9 % for the CatBoost model.

Third, within the ML models evaluated, CatBoost demonstrates a 
slight advantage over LightGBM when relying on both the benchmark 
and the proposed data collection. Indeed, when considering the 

univariate data collection, the error decreased from a median MAE of 
approximately 0.5–0.1 and from a MAPE of around 22 % to a one of 16 
%. Similarly, improvements can be noticed when considering the 
multivariate data collection, such as an increase in R2 from 0.93 to a 
value of 0.96.

Lastly, it can be noticed that the CatBoost models trained without a 
custom loss function tend to provide slightly lower accuracy (from a 
MAE of 0.03 to one of 0.04 when considering the benchmark data 
collection and from a MAE of 0.01 to one of 0.02 when considering the 
proposed data collection). However, models trained with a custom loss 
function show a positive forecast bias (0.06 and 0.03 in terms of ME, 
depending on the considered data collection), leading to conservative 
estimates.

The results reported in Fig. 5 are also confirmed by the analysis in 
Fig. 6. Methods that never outperform any other—i.e., record 0 % “wins” 
versus all alternatives in Table 4 like ARIMA, ARIMA_COV and 
LightGBM —are omitted from the chart. Fig. 6 highlights the frequency 
with which specific combinations of forecasting algorithms and data 
configurations outperform others across MAE metrics.

The charts illustrate that the CatBoost model trained with the pro
posed data collection but without custom loss consistently yields the 
best results across 89 % of the evaluated time series. Instead, when 
considering the CatBoost with custom loss functions, the models 
outperform other algorithms only for 2.1 % of the examined time series.

In conclusion, Fig. 7 reports the MAE difference distribution for each 
considered time series between the proposed approach and the 
benchmarks.

According to the chart, CatBoost relies on the proposed data collec
tion but without the custom loss and it is the only model reporting a 

Fig. 6. Percentage of time series for which an examined approach reports the lower MAE error.

Fig. 7. Error delta between the proposed one and benchmarks.
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median accuracy advantage of about 18 % compared to the proposed 
model. Indeed, compared to the other approach, the proposed one re
ported minor errors ranging from 92 % with NMA to 42 % with CatBoost 
when not relying on the proposed data collection.

4.2. Cost performance results

Fig. 8 presents the cost difference between the proposed approach 
and each benchmark; since there are eight benchmarks in Table 4, eight 
curves are shown, each representing the cost gap between the proposed 
model and one benchmarkunder varying ratios between the Cover− saturated 

and the Cunder− saturated.
Fig. 8 clearly shows that all the benchmarks examined, regardless of 

the ratios between Cover− saturated and Cover− saturated, report an average 
negative cost difference when compared to the proposed model. The 
results thus indicate that the proposed approach consistently results in 
lower costs, with reductions ranging from − 20 % to − 87 %, depending 
on the model and ratios considered. Notably, the cost difference in
creases as we move from ML to baseline models and from the proposed 
data collection method to a univariate approach. The only exception to 
this trend is observed when comparing the proposed model to the Cat
Boost approach, which does not utilize the custom loss function. In this 

case, for ratios close to 1:1 between Cover− saturated and Cover− saturated, the 
proposed model can result in costs that are up to 18 % higher.

Support for the results illustrated in Fig. 8 can also be noticed in 
Fig. 9, representing the number of time series for which a specific 
approach reports the lower cost depending on the considered cost ratios. 
Methods that never achieve a lower cost than any other—i.e., record 0 % 
wins like NMA, ARIMA, ARIMA_COV and LightGBM—are not shown in 
the plot.

Consistent with Fig. 8, the CatBoost model—without a tailored 
custom loss function—outperformed the proposed approach in 88 % of 
the analyzed time series when the cost ratio was close to 1:1. However, 
as the cost ratio increased, the proposed approach demonstrated supe
rior performance, progressively improving its share of time series with 
the best cost outcome from 81 % to 97 %.

4.3. Training time results

Fig. 10 illustrates the distribution of training times required for 
various combinations of forecasting algorithms and data configurations 
in the examined case study.

According to the plots, the results reveal a clear trend of progres
sively increasing training time as models shift from traditional statistical 
approaches (with a median training time of 0.01 s for NMA and 0.9 s for 

Fig. 8. Cost difference performance comparison.

Fig. 9. Percentage of time series for which an examined approach reports the lower cost depending on the considered cost ratio.
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ARIMA) to more advanced ML techniques (with a median training time 
of 1.1 s for CatBoost). An exception is, however, represented by the 
ARIMA model trained based on the proposed data collections, which 
exhibits the highest median training time (3.8 s) among all methods, 
outperforming even complex ML models. Additionally, the inclusion of 
covariates consistently leads to an increase in training time across all 
forecasting models (from 0.4 s to 3.2 s for the ARIMA model, from 0.034 
s to 0.037 s for the LightGBM model and from 0.96 s to 1.34 s for the 
CatBoost model). Moreover, among the ML models, CatBoost demon
strates longer training times than LightGBM (from 0.01 s to 1.4 s when 
considering the proposed data collection), reflecting the higher 
computational demands of CatBoost’s model structure and optimization 
process. Lastly, CatBoost models utilizing a custom loss function were 
shown to require more training time than those using the standard loss 
function (from 1.1 s to 1.9 s when not considering the proposed data 
collection and from 1.3 s to 2.2 s when considering the proposed data 
collection).

4.4. Model explainability analysis

Fig. 11 reports SHAP summary plots for the two CatBoost variants 
evaluated on the held-out test set. Each violin-style plot visualizes the 

distribution of SHAP values (impact on model output) for the top 16 
features, ordered by mean absolute impact. The left panel corresponds to 
the covariate-based CatBoost with standard RMSE loss (CatBoost_COV), 
while the right panel shows the same model trained with our cost-aware 
custom loss (CatBoost_COV_CL). Feature values are colored from blue 
(low) to red (high).

In both models, the declared weight (Wij
tdeclared_futcov_lag0) and the 

declared shipment units (SUij
tdeclared_futcov_lag0) dominate the feature- 

importance ranking, confirming that real-time covariates are stronger 
predictors of required truck space than any single historical load. The 
subsequent positions are occupied by various lags of the true reserved 
space (Dreal_target_lag-n), reflecting the residual contribution of past 
volume trends.

Comparing panels, it can be seen an almost complete overlap in the 
bulk of each distribution. Only in the extreme upper tails do the co
variate SHAP values under the custom loss (right panel) extend 
marginally farther than under RMSE (left panel), suggesting a very slight 
increase in sensitivity to high declared weights or unit counts. Crucially, 
however, these differences are negligible for the vast majority of ob
servations. This close alignment demonstrates that introducing our cost- 
aware objective leaves the core feature-attribution structure intact—
preserving transparency and stability—while imparting only a subtle 

Fig. 10. Training time comparison.

Fig. 11. Comparison of model explainability results of proposed approach with and without custom loss.
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shift toward greater emphasis on cost-critical high-volume cases.
While the global SHAP summaries provide a comprehensive view of 

the overall feature hierarchy, they do not reveal why a specific predic
tion takes a particular value. To address this, Fig. 12 presents two local 
SHAP force plots for anonymized producer–destination pairs. These 
plots show how the model’s baseline forecast is adjusted upward or 
downward by the contribution of individual features in a single 
prediction.

In the first case (Producer P1, Destination D1), the model’s baseline 
expectation of around 6.5 units is reduced to approximately 3 units, 
largely due to the downward influence of recent lags of realized demand 
and contemporaneous declared weights and units. In contrast, the sec
ond case (Producer P2, Destination D3) illustrates a forecast of roughly 7 
units, where short-term signals such as demand at lag 2 and higher 
declared weights and units exert a strong positive influence, partially 
counterbalanced by longer-term lagged values.

These local explanations are particularly relevant in practice because 
they provide planners with an interpretable rationale for individual 
forecasts. When a prediction is driven by recent increases in declared 
weights or shipment units, planners can verify whether these signals 
reflect genuine operational changes, such as promotions or large orders, 
or whether they stem from anomalous data. Conversely, when the model 
emphasizes long-run demand lags, planners can understand that the 
forecast is grounded in historical consistency rather than short-term 
fluctuations. In both cases, the ability to trace forecasts back to their 
driving factors enhances trust in the system and supports more informed 
decisions on resource allocation and transport planning.

5. Managerial insights

The results of this study offer both operational guidance and cost 
trade-off considerations for 3PL providers seeking to improve fore
casting performance and reduce logistics costs. By distinguishing these 
two perspectives, managers can better evaluate how to integrate the 
proposed forecasting approach into their daily workflows while 
balancing accuracy, efficiency, and investment.

5.1. Operational use

The case study confirms the practical value of adopting ML models in 
truck space forecasting. Among the tested approaches, CatBoost 
consistently outperformed traditional statistical models in terms of 
predictive accuracy. The introduction of a cost-sensitive loss function 
further allowed forecasts to reflect business priorities—favoring con
servative estimates in cases where underestimation would result in 
service failures or expedited shipments. The analysis also highlights the 
importance of leveraging information-sharing mechanisms to enrich 
input data. Even simple producer-provided attributes (e.g., shipment 
weight, number of units) were shown to significantly improve forecast 
precision, suggesting that 3PLs can achieve substantial gains with rela
tively low-cost data integration technologies such as supplier portals and 
EDI protocols. Operationally, the proposed model is designed for daily 
use: forecasts are generated each morning by combining ex-ante data 
from producers with ex-post data from the warehouse management 
system. Results are delivered to the planning department by 6 AM, 
ensuring seamless integration into load planning. Retraining occurs 
monthly, with additional retraining triggered automatically if forecast 
errors exceed a threshold, ensuring model robustness over time.

5.2. Cost trade-off

While ML models with multivariate inputs and custom loss functions 
deliver superior accuracy, they do introduce moderately higher 
computational requirements. Nonetheless, training times remain well 
below a few seconds per model, making them fully feasible for daily 
planning operations. To implement the workflow, the case study 3PL 
deployed the system on a modest cloud-based server (8 vCPUs, 32 GB 
RAM) using simple orchestration tools, a centralized database, and a 
RESTful API to provide forecasts to planners. The infrastructure requires 
only limited technical expertise and can be scaled with data growth. 
From a cost perspective, cloud deployment at this scale typically incurs a 
few hundred euros per month, which is accessible to mid-sized 3PL 
providers while still offering scalability for larger operations. This 
demonstrates that the trade-off between accuracy and complexity 

Fig. 12. Local SHAP explainability for 3PL forecasting.
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remains favorable, with tangible cost savings outweighing infrastructure 
expenses.

6. Conclusions and research perspectives

The proposed study highlighted the critical relevance of a predictive 
framework to support 3PL providers in estimating their future re
quirements regarding truck space utilization for each customer. This 
requirement is indeed compounded by the imperfect and often unreli
able information they receive. Given the disparity in bargaining power 
between 3PL companies and their customers, improving the quality of 
this incoming information is not always feasible, making accurate 
forecasting a vital tool for logistics efficiency.

To address this challenge, the study proposed a novel forecasting 
framework that integrates multivariate data collection with advanced 
ML techniques. Specifically, the CatBoost model was employed as the 
primary model due to its robust handling of complex data relationships, 
and a custom loss function was designed to prioritize forecast reliability 
in cost-sensitive scenarios. This approach was evaluated within a real- 
world 3PL case study in the food sector, comparing its performance 
against multiple benchmark models and data configurations to validate 
its effectiveness.

The results demonstrate that the proposed approach significantly 
benefits forecast accuracy and cost efficiency. The proposed solution 
substantially reduces forecast errors compared to traditional statistical 
models and univariate data collection. Furthermore, models using the 
custom loss function show improved cost performance, particularly 
under scenarios with imbalanced logistic costs related to the saturation 
and non-saturation of trucks. However, these gains come at the cost of 
increased computational effort, as the training time for CatBoost models 
is higher than that of both traditional models and other ML benchmarks.

While the results confirm the utility of the proposed approach, 
certain limitations must be acknowledged. First, the experimentation 
was conducted on a single case study, although many time series within 
that case were analyzed. Second, the study did not consider macroeco
nomic factors that could influence the space to reserve on trucks, as this 
was outside the scope of the investigation. Finally, the analysis focused 
on a single forecasting length, which, while representative of the pri
mary operational horizon used in practice, limits the broader applica
bility of the findings to other forecasting scenarios. Finally, the 
definition of the hyperparameter search space was based on empirical 
experience, as no universally valid tuning strategy exists and the optimal 
ranges are inherently data-dependent. Although this represents a 
methodological limitation, it does not compromise the reproducibility of 
the study since the search space and optimization procedure are 
explicitly documented. Therefore, the results should be interpreted as 
domain-specific, and further validation in different 3PL contexts is 
needed before generalizing conclusions.

Future research could thus focus on validating the proposed 
approach across multiple case studies to ensure generalizability. In 
particular, testing the framework in different 3PL industry seg
ments—such as pharmaceuticals, automotive, or high-value good
s—could help assess its robustness and adaptability to varying logistics 
constraints and service levels. Additionally, incorporating macroeco
nomic indicators (e.g., fuel prices, inflation trends, seasonal demand 
shocks) into the input data may further enhance the forecasting model’s 
responsiveness to external factors that influence space reservation dy
namics. Another promising direction involves exploring hybrid ap
proaches that integrate machine learning with optimization techniques. 
Such hybrid ML-optimization models could generate forecasts that are 
not only accurate but also directly actionable within cost-aware plan
ning and routing tools, thus supporting end-to-end decision-making in 
3PL operations. Moreover, the proposed framework is designed with 
scalability in mind: its reliance on modular data integration and cloud- 
based deployment ensures that it can be extended from single ware
houses to multi-site networks without substantial changes in 

infrastructure. This scalability makes the approach particularly attrac
tive for mid- to large-sized 3PL providers aiming to standardize fore
casting practices across geographically distributed facilities. 
Considering the mentioned limitation, we reinforce the novel contri
bution of the proposed approach, which addresses the critical problem 
of truck pace reservation prediction in 3PL operations, demonstrating its 
effectiveness in a real case study and against several benchmarks.
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