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Abstract

This paper illustrates an original Data-Driven Analysis on logistics matters, developed within the
scope of a research & development project conducted by La Logistica S.r.l. and financed by the
Apulia Region. The paper uses real operative data for developing and validating a complete
analytical tool to forecast volume saturation on pallets. Compared to other studies on similar
matters, which frequently make use of simulated and ideal sets of data, this research provides a
unique opportunity to test, on an empirical ground, how very advanced Data Science approaches
could be successfully applied on industrial processes.The paper develops a complete analytical
investigation combining diagnose analytics, forecasting and model-interpretability to compare the
performances of many different Machine Learning algorithms, such us K-Nearest Neighbors,
Decision Trees, Random Forest, Boosting, Support Vector Machines, and Linear Models. The
results obtained after an overarching comparison show how KNN is significantly more accurate and
trustful in relation to any other method, outperforming any other on any key error measure and
interpretability factors. The addition of contribution and importance investigation on variables
extends to this paper a unique degree of originality, showing which SKUs’ physical variables are
most significantly influencing volume saturation on pallets, and offering immediate management
implications related to their operative meaning. The complete methodological pipeline is grounded
on real operative data regarding La Logistica S.r.l.,, making this paper capable to show how
operative Data-Driven solutions could play an innovative role into improving operative continuity
within logistics matters.

Keywords: Logistics optimization, warehouse management, data-driven modelling, machine
learning, operational efficiency.

1. Introduction

The increasingly dynamic nature of global supply chains has led to the increased strategic relevance
of logistics, moving on from being viewed merely as an operation to being viewed as a strategic
competence which is crucial to competitiveness, sustainability, and efficiency (Chen & Liao, 2023,
Ojadi et al., 2024). Amidst this background, warehouse management emerges as a crucial segment,
which can indeed function as a physical and information interface between incoming product flows
and outgoing product distribution processes (Sodiya et al.,, 2024). The growing variability of
product sets, corresponding variability in demands, and simultaneous demands to cut down costs
have exposed several weaknesses within present approaches to manage such warehousing units,
which continuously depend upon static rules, human expertise, and simple descriptive analytics
(Hosseini et al., 2024). These generally lack comprehensiveness within modern logistics settings,
due to which complex interactions between product sets, corresponding palletization rules, and
handling constraints lead to distinctly nonlinear dynamics within such operation sets (Hosseini et
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al., 2024). To counter such realities, present demands on third-party logistics units to employ
sophisticated data analytics and knowledge-science competencies have become unavoidable (Mulla,
2022; Boonma, 2025). These increasingly empower organizations to derive actionable knowledge
sets directly from corresponding warehousing function sets, which helps identify unseen
inefficiencies, moving on to evidence-based decision making (Burra, 2025; Chen & Liao, 2023).
The paper's originality lies directly within proving that a comprehensive methodology can be
devised on diagnostics, predictions, and machine-learning analytics to pragmatically work directly
on corresponding operation sets available within an actual third-party logistics company operating
within Italy—La Logistica S.r.l. This paper helps fill an existing knowledge gap because empirical
studies available within such literature on corresponding industrial operation sets directly remain
relatively less within this segment (HAYTA et al., 2023). The paper helps address this knowledge
gap because this specific work helps devise a replicable knowledge segment to pragmatically
combine corresponding approaches within such literature to pragmatically address third-party
logistics management. The warehousing environment is responsible for generating copious
information sets directly about product attributes, operation sets, corresponding storage sets, and
resulting outcome sets within corresponding pallet configurations (Sodiya et al., 2024). The
corresponding information sets generated within such warehousing units remained generally
inadequately leveraged or remained generally segregated within corresponding information units to
pragmatically synthesize a comprehensive perspective within such warehousing sets (Sodiya et al.,
2024). The corresponding strategic role within digitalization pertaining to loT devices to
corresponding sophisticated warehousing management units directly enables organizations to
generate distinctly higher granularity sets within such operation sets directly to pragmatically
empower such organizations to synthesize sophisticated analytics to pragmatically diagnose such
inefficient sets within corresponding warehousing management units on an empirical basis rather
than mere human opinions (Mulla, 2022; Daios et al., 2024). Against this background, this research
study investigates the following research question: How can data science and machine-learning
approaches be employed to explain and predict pallet volume saturation within a practical
warehousing environment? How can these results aid more optimal warehousing management? To
accomplish this, this analytical research employ two scenario approaches. The initial approach is to
make use of diagnostic analytics to discover which product attributes—such as dimensions, weight,
and volume—interact to produce what level(s) of volume saturation on a pallet (Aylak et al., 2021).
Conventional rules-based approaches disregard these non-linear correlations, causing irregularities
in building product pallets, inefficient volume usage, and misdirected product saturation. The
analytical work uses machine-learning principles to identify which product attributes impact a
pallet’s behavior and to what extent upon operation (Vu et al., 2024 & HAYTA et al., 2023). The
second approach is to employ machine-learning algorithms to make predictions on volume
saturation on a new product type. Machine-learning algorithms such as K- Nearest Neighbors and
Trees can assess complex correlations between variables successfully to generate predictions across
product lines (Hosseini et al., 2024). The key strength of this analytical work is to make use of
Explainable Machine-Learning to break down each distinct prediction to specific product attributes’
contribution to these predictions (Burra, 2025 & Sodiya et al., 2024). This enables both validation
and incorporation into practical business processes by information stakeholders. This is particularly
important within a warehousing environment where actionable results can make a concrete
difference to information stakeholders’ productivity. The contribution to this specific body of
literature is multifaceted. The first is that this analytical work is only one out of very few studies
that offer a practical result within a properly operating environment, complementing other studies
employing ideal warehousing simulations (Mulla, 2022 & HAYTA et al., 2023). The second is this
analytical work is equipped with a practical step-wise methodological approach consisting of
multiple aspects—data preprocessing, attribute identification, diagnosis, prediction, and
interpretable result generation (Boonma, 2025)—that can easily be repeated and modified according
to one’s interest within both academic circles and practical warehousing circles. Third, there is a



unique perspective herein on how product features can impact pallet saturation volume, which helps
expand the understanding related to item behavior within a warehousing context (Aylak et al., 2021,
Vu et al., 2024). The second unique aspect is scalability. The developed formulas could be
generally applied across product types, zones, and/or multiple warehousing locations. Then, with
access to more information, machine-learning processes can adapt to changes within product
offerings, packaging specifications, and warehousing conditions (Daios et al., 2024). This is crucial
within rapidly fluctuating warehousing landscapes (Ojadi et al., 2024) (Chen & Liao, 2023). The
more widespread usage of analytical technology is also supportive of sustainability initiatives. This
IS because there is reduced travel volume due to better use of available pallet space, which helps
lower fuel emissions and CO, (Ojadi et al., 2024). Better management also results in reduced
waste within inventory results. Diagnostic information can better isolate returns, repackaging, and
matters related to recycling (Daios et al., 2024). Therefore, analytics-driven processes can
assimilate into both effectiveness and sustainability goals. Despite such value-adding aspects, there
are technological integration pain points to overcome within analytics-driven warehousing
management approaches. These include issues such as poor information quality, technological
integration, and other aspects concerning model explainability (Sodiya et al., 2024) (Hosseini et al.,
2024). Typically, there is a need to clean, standardize, and verify information within warehousing
operations to isolate information worthy of analytical review. Another complementing element is
making sure information across company technology operates on one converging analytical
platform. Additionally, there might still exist value within machine learning to ensure they are more
interpretable. All these factors discuss how analytics integration could serve more than warehousing
technology up-gradation but more like a paradigm shift change toward more analytical warehousing
cultures (Burra, 2025) (Ojadi et al., 2024). This ensures organizations with better integration with
available information offer more strength toward being more resilient, efficient, and more
competitively aligned to a more complex warehousing environment (Chen & Liao, 2023).

2. Diagnostic Modelling Framework and Comparative Evaluation of Machine Learning
Algorithms

In the diagnostic analysis, the data are examined in terms of their relationships. First, it is necessary
to specify a research question, that is, to identify a variable to be estimated, represented in the
equation as the y on the left-hand side of the model. Then, the variables that will be used to
investigate y—the x variables on the right-hand side of the model—are identified. In our case,
purely for illustrative purposes, we have chosen to use the following research question:

SatVol% = a + B1(VPAPESOUDV)t + B2(VPAALT)t + B3(VPALARG)t
+ B4(VPAPROF)t + B1(VOLUMEUDV)5 + B6(PESOPLT)t
+ B7(PESICHEENTRANOINUNPLT)t + BS8(SAT PESO%V)t

As a diagnostic tool, we used the machine learning algorithms listed in the following table 1.

Table 1. Machine Learning Results.

Boosting | Decision K-Nearest Random Regularized Support  Vector
Tree Neighbors Forest Linear Machine
MSE 89.847 74.308 40.682 75.698 145.868 120.780
MSE(scaled) | 0.522 0.243 0.245 0.345 0.374 0.828
RMSE 299.746 272.596 201.698 275.135 381.927 347.534
MAE /| 133.206 94.821 78.194 92.44 174.13 121.913
MAD




R? 0.544 0.771 0.769 0.684 0.659 0.341

To compare the algorithms, it is necessary to normalize the data, as shown in the following Figure
1.

@MSE BMSE-scaled BRMSE BMAE BR’

Models MSE | MSE-scaled | RMSE | MAE | R?
K-Nearest Neighbors 1 0.997 1 1 10.995
Decision Tree 0.68 1 0.607 10.827| 1

o Random Forest 0.667 0.826 0.593 10.852]0.798

Boosting 0.533 0.523 0.456 10.42710.472
Regularized Linear 0 0.776 0 0 [0.74
Support Vector Machine | 0.239 0 0.191 [0.544| O

K-Nearest Decision Tree Random Forest Boosting Regularized Support Vector
Neighbors Linear Machine

Figure 1. Comparison of normalized machine learning algorithms.

Among these approaches, K-Nearest Neighbors (KNN) is found to be the most consistent method.
This is because KNN achieves the highest value on normalized MSE, RMSE, and MAE, which
translates to more accurate numerical predictions on each critical error measure, a result consistent
with those obtained by Rimal et al. (2025) in their comparison of KNN with other classifiers such as
Random Forest and Support Vector Machine, regarding its predictions being more accurate. The
results on KNN also approach optimality on MSE-normalized scores, but its value on the
coefficient of determination is already 99.5%, leaving little room for improvement. The best
classifier is only outperformed by having a slightly better value on both Rz and MSE-normalized
scores, but it lags behind on absolute error measures, causing this marginal advantage to be
eliminated when the scores are averaged, a scenario also observed by Palaniappan and Karthikeyan
(2024) on SVR, KNN, and decision tree-based approaches. Random Forest ranks third with low
error values and an R2 score very close to 80%, but nowhere near the prediction accuracy of KNN
and SVR. The remaining approaches rank lower due to higher error values and low explanatory
power values. This observation is consistent with Iparraguirre-Villanueva et al. (2023) on how
similar approaches differ on similar tasks with heterogeneous input variables Therefore, applying
the algorithm in KNN allows us to identify the following results in terms of Feature Importance
Metrics (Figure 2).



BvPA_PROF B VOLUME UdV = VPA_PESO UdV [KG] B VPA_LARG B VPA_ALT I PESO PLT
SAT_PESO % ' PEZZI PALLET

Feature Importance Metrics | Mean dropout loss VoA pESO
VPA PROF 387.651 B UdVikel
VOLUME UdV 381.461

VPA PESO UdV [KG] 259.935 | VPA_ALT e
VPA LARG 238.992 VPA_PROF

VPA ALT 198.727

PESO PLT 180.765 VOLUME VPA_LARG
SAT PESO % 178.738 UdV  sarpeso

PEZZI PALLET 175.401

Figure 2. Feature Importance Metrics.

The result obtained by running the permutation test on the K-Nearest Neighbors algorithm points to
which variables actually play a deciding role within the regression to determine pallet saturation
regarding volume. Taking into account the depth of the sales unit (VPA_PROF) actually sees a rise
in error margin by approximately 388 RMSE points, which is the worst result on this list, asserting
that a matters of a few centimeters on this side immediately assist in determining free space. The
geometric volume (VOU) reaches an almost similar level on this list, proving that volume rather
than height is what determines saturation, which is similar to what Volfatelli et al. (2024) indicated
upon employing permutation entropy to identify unstructured information. PSU (Weight per piece)
is actually next on this list, with some dense but bulky items, like ceramics, making weight and
volume factors that hang closely together. Width and Height only impact slightly because most
units actually remain short enough to stay within the 120-centimeters margin, meaning that after
this point, there is not much difference. Second-order variables such as pallet weight, weight
saturation, and pieces per pallet actually impact but slightly because there is already enough
relevant information extracted about these variables via physical measurement. This actually asserts
a confirmation upon what Wibowo et., 2025) indicated upon showing that being picky about which
information is selected upon employing decision-making skills within ML actually helps within
improving regression results. The takeaway message upon this is actually quite simple within this
respect: to minimize those lurking void spaces on your shipping pallet, what is actually required is
improving on packaging design on depth—preferably on making it more modifiable to depth
according to product demands—precise measurement on these two aspects actually improves
projected results significantly without having to actually exert extra effort within studying Weight
and Quantity information—an affirmation to what actually justified employing ML on more hectic
factors such, like what actually comprised within studying medical event prediction Roljbar et.,
2023) machine-learning algos.

3. Interpretable Predictive Modeling Through KNN: From Baseline Estimates to
Item-Level Insights

Predictive analysis follows diagnostic analysis. Once the variables and the models of interest have
been identified, it becomes possible to generate predictions. In our simple illustrative case, the most



effective model is KNN. Using this model, it is possible to produce a prediction as shown in Figure
3 below.

Case VPA_ALT VPA_LARG
300

300
256 256 256 256
200 198
100 B
12 3 4 i E T ™ 6 T o =
! A=)
=100 0 \ﬂ
-200
Case 1 2 3 4
) Peso PLT SAT_PESO Predicted 107.315 | 300,107 | 22.572 | 198.240
o Base 256.809 | 256.809 | 256.809 | 256.809
200 VPA_PESO UdV [KG] | 59.394 | 50.885 | 65.911 | 49.376
VPA_ALT 112.496 | 64.726 | 73.817 | 57.218
o . VPA_LARG | 91.702 | -50.391 | -165.826 | -72.336
s 1 ot L VPA_PROF 112.663| 1.089 | -72.486 | -60.620
me NS Tasr B O | VolumeUdv | 74386 | -44.815 | -49.582 | -82.207
100 &8 | | Peso PLT -165.693| 20.853 | 1.120 | 36.343
;. ‘ Pezzi pallet -2.959 | -13.170 | -15.157 | -7.192
SAT_PESO % 57385 | 14.122 | -72.035 | 20.849

Figure 3. KNN prediction results.

The KNN algorithm begins with an initial guess of 256.8% volume saturation on the pallet, which
is what we would get by default if there were no information about the item and/or the pallet. This
value is incremented and/or decremented by each variable according to its numerical value, thereby
obtaining an explanation for the final result. An equivalent method, in which each variable
deterministically affects each result, is to be found both in Qiu et al. (2022)’s KNN Classifier using
attribute contribution and Banerjee et al. (2023)’s KNN nonparametric classifier and
methodological structure to make it more interpretable and robust. The first scenario sees a decrease
to 107%. This is due to having many units on the pallet, which weighs very little per item, both
subtracting more than 270 points to base value, meaning that this item is compact and small,
making up no space on height and/or surface area no matter how much is loaded on the pallet. The
second scenario sees an increase to 300%. Both depth and item weight contribute more than 110
points to base value, meaning that this item takes up a wide surface area and presumably exceeds
standard height, causing the whole pallet to greatly surpass volume capacity. This kind of behavior
is typical when KNN is implemented on more complex environments, such is seen on natural gas
transmission processes by Gunawan and Ihsan (2024) on which KNN presented acceptable results
on predicting operating conditions on varied input sets. The fourth scenario sees a sharp decrease to
22%. The tiny depth and low item volume subtract more than 230 points to base value, meaning
that this item is very shallow and presumably on being stacked on other items, empties completely,
making up no volume on the whole pallet. The fifth scenario pegs to 198%. Here, while the weight
of the pallet is a contributing factor to increasing estimates, other factors such as width, depth, and
volume counterbalance this impact because the item is sufficient enough to occupy almost half a
pallet's theoretical volume but not to such extreme points as within the second case. To summarize,
decomposition facilitates understanding how each attribute, physical or load-related, forces
estimates toward any particular item that can produce sub-filled pallets and vice versa. This
interpretable nature of KNN is reflective of how Qiu et al. (2022) Banerjee et al. (2023) and
Gunawan & lhsan (2024) have each exemplified KNN's utility within optimized, interpretable
applications across domains.



4. Managerial Implications of Data-Driven Warehouse Optimization

This interpretability is paramount within a practical logistics setting because logistics managers
need to trust the underlying arguments upon which analytical recommendations are made (Ahmadi,
2023). The capability to relate SKU attributes to predicted pallet saturation helps to detect instances
such as inefficient utilization of pallet space due to under-saturated units, resulting in unnecessary
shipment costs, while on the other hand, these units could be overwhelmed, posing stacking hazards
within warehousing infrastructure (Ramingwong et al., 2024; Raychowdhuri, 2025). One of the
main implications that managers can derive is being capable of finding root causes within
systematic predispositions to inefficient utilization during palletization and space allocation.
Identifying SKU groups predisposed to low saturation, extreme protrusion, and unsafe
configurations can enable logistics managers to optimize rules governing palletization, enhance slot
allocation algorithms, and plan warehousing layout modifications accordingly (Tufano et al., 2022).
The above is particularly crucial because operating variability is invariably identified within
warehousing operations as being responsible for delays, problematic handling, and reduced
productivity (Boonma, 2025). The method is also capable of facilitating capacity planning by
predicting storage demands according to projected saturation values to identify periods during
which there is heightened handling complexity (Samineni et al., 2025). This is particularly
important because it can lead to strategic workers allocation, designing timely work shifts, and
making informed decisions about supplemental warehousing capacity allocation, including short-
term warehousing investments (Muehlbauer et al., 2024). The methodological implications can also
be linked to optimized transport services because understanding SKU behavior to volume saturation
can lead to more informed transport allocation, reduced logistics costs (Shawon et al., 2025;
Shamsuddoha et al., 2025). Apart from methodological implications, there are other aspects about
this methodological work that this paper accepts. These aspects involve recognizing that these
methodological approaches can depend on quality input within available warehousing repository
information. As within most warehousing applications, this information demands considerable
preprocessing and standardization (Ahmadi, 2023). The second aspect involves acknowledging that
machine-learning methodological approach functionality could tend to fluctuate according to
periodically introduced product mixes within varying warehousing dynamics (Tufano et al., 2022).
The third issue is validating these methodological approaches within multiple warehousing settings
to assess overall generic applications (Ramingwong et al., 2024). However, this project is a great
example of how machine learning can successfully operate within an industrial setting to identify
hidden relationships that other rule-based solutions fail to detect (Raychowdhuri, 2025; Samineni et
al., 2025). The fact that this project comes out of a actual R&D project, which is supported by
regional funding, is what gives it such strong practicality and can actually be a role-model project
for future innovations within logistics (Shawon et al., 2025). Finally, this project illustrates how a
data-driven ethos is a crucial aspect to build within an organization (Chen & Liao, 2023). Highly
complex algorithms and technology only work if they can actually incorporate know-how
knowledge about warehousing and are accepted on a technological level by management
themselves (Shamsuddoha et al., 2025). This project is capable of uncovering actionable results to
aid other organizations within knowledge-sharing realms and perpetually work within a mindset to
evolve on a continuous basis (Muehlbauer et al., 2024). This project, therefore, is both a
technological prowess but also an evolutionary shift on an organizational level. Finally, this actual
research project exemplifies how data science can actually make a difference on a technical level
within warehousing realms to increase clarity and optimize on correct assumptions on an
organizational level to enhance warehousing proficiency on an industrial level (Tufano et al., 2022;
Samineni et al., 2025). This project is setting up future success on many technology fronts



concerning actual, live decisioning systems, digital twins, and other more sophisticated algorithms
to actually optimize logistics on a much more precise level (Raychowdhuri, 2025). See Figure 4.
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Figure 4. Integrated Data-Driven Framework for Warehouse Optimization

5. Conclusions

This project shows how analytics-driven approaches can greatly improve operating efficiency and
decision-making processes with respect to warehousing and logistics management. The conjunction
of analytical diagnoses, patterns obtained by prediction, and machine learning methods into a
processing and analysis of actual operating information concerning La Logistica S.r.l. shows how
modern data science can provide notable operative benefits within domains know to display strong
variability, coupling between physical variables, and strong demands on efficiency. Firstly, much
insight is derived by diagnosing K-Nearest Neighbors approaches to item saturation estimation with
respect to HGL’s dataset on SKU attributes, volume saturation maps, investor type, item-specific
physical variables, to show how considerable item variability is included within theoretically simple



logistics processes—variances which, if left to themselves, easily lead to operating inefficiencies
about unsaturated units, overloaded units that actually surpass theoretical capacity, systematic
misallocations about warehousing space utilization. The systematic investigation about these
attributes, complemented by machine learning algorithms, uncovers trends which could not
otherwise surface employing mere human expertise. From this perspective, data science doesn’t
cover human knowledge but rather complements it on grounds that pertain to quantitative validation
about more precise operative decisions. On other respects, particularly about saturation estimation
calculated by K-Nearest Neighbors approaches to item saturation estimation, there is a strong
indication on how very simple algorithms can lead to extremely interpretable estimation maps. The
capability on K-Nearest Neighbors to break down saturation into contributions about each item
attribute provides warehousing managers with immediate information about which items to refactor
concerning worse-than-expected resistance to item saturation estimation. Incrementally, there is
evident capability on these approaches to successfully track operative dynamics on warehousing
processes with considerable more celerity than human estimation could take into account,
predicting counterintuitive troubles on item warehousing processes. Finally, on operative respects
concerning warehousing processes, the above-mentioned machine-learning method illustrates how
specific approaches to warehousing forecasting on item variables can better operative experiences
on warehousing processes on grounds concerning item variables—weight, volume, geometric, item-
specific degree on item warehousing processes. This method has shown to offer a great addition to
human decision-making, having introduced both objectivity and repeatability into such a
notoriously human-centric domain. As regards managerial implications, this work argues that there
is a need to shift the whole logistics culture toward more data-driven decision-making. Finally, this
work shows how analytics and other similar technologies can achieve tremendous value within
smaller, more resource-constrained organizations such as those classified within this study’s scope,
having helped decrease waste, increase pallet usage, increase flows, and last but not least, having
assisted these organizations to make informed rather than intuitive decisions during planning
processes. Finally, in such domain applications, having very limited profit margins and extremely
stiff competition, such optimizations can directly result into significantly better services and
immediate profitability gains. Finally, this work asserts how a continued emphasis on collecting
such valuable information and integrating this information into digital streams is crucial to being on
the forefront of such analytics technology, which relies on such information to evolve into more
advanced technologies such as Deep-Learning and other similar notions. As such storage domains
continue to grow progressively more automated and constituted by increased numbers of sensors,
such an information sensitivity will continue to represent what provides each such business with a
competitive advantage. To summarize, this work argues how analytics technology provides
tremendous opportunities to optimize such warehousing domains. Finally, this work asserts how
attempts to optimize such warehousing domains nowadays represent more than mere technology but
rather an information paradigm shift into how such organizations constructively perceive such
warehousing domains themselves.
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