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Abstract

Introduction. Trade development requires the implementation of artificial intelligence and machine learning technologies to
improve the accuracy of delivery forecasts. The scientific research published to date in this area appears insufficient for two
reasons. First, it focuses primarily on global supply chains, although the issue is relevant for local businesses as well. Second,
forecasting typically requires large amounts of data for machine learning and significant computing resources that are not
available to the majority of companies. The presented study aims to fill these gaps and demonstrate the efficiency of using open,
accessible data and known algorithms. The research objective is to describe a pattern of appropriate selection of the least
resource-intensive delivery forecasting model based on the analysis of machine learning algorithms.

Materials and Methods. The open data set DataCo Smart supply chain for big data analysis on deliveries in online trade
was used. To process and analyze the information, methods of data cleaning, eliminating multicollinearity, normalization
and coding of categorical features were applied. The following algorithms were used with the cleaned data: Decision tree,
Random Forest, k-nearest neighbors, Naive Bayes, Linear discriminant analysis, XGBoost, CatBoost, LightGBM,
AdaBoost, and Perceptron.

Results. The basic algorithm for the delivery forecasting model was the Decision Tree algorithm. This choice was due to
its high accuracy, ease of use, and low risk of overfitting. The model evaluation showed a high determination coefficient
close to one (0.986). Low values of the mean square error (0.0367) and mean absolute error (0.0324) were recorded. The
model showed satisfactory results in terms of time spent on training (3.3087 s) and forecasting (0.0051 s). Actual and
predicted values almost perfectly matched. Deviations from actual values were minimal.

Discussion and Conclusion. The proposed model is efficient and has a high predictive ability. High-quality forecasting
of delivery time is possible without the use of extensive databases and powerful computing resources. The study opens
up the prospect of high-quality organization of logistics operations for small and medium enterprises. In further research,
it is advisable to integrate weather data, traffic conditions and other indicators into the model. Using such information in
real time will increase the adaptability and accuracy of forecasting.

Keywords: delivery time forecasting model, delivery forecast for small and medium enterprises, error in delivery
forecasting, decision tree for logistics challenges
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Beeoenue. Pazsutre Toprosiu TpeGyeT BHEAPEHUS TEXHOIOTHI HCKYCCTBEHHOTO MHTEIUIEKTa M MAIIMHHOTO OOy4YeHus U1 10-
BBIILIEHNSI TOYHOCTH ITPOrHO30B JI0CcTaBKy. OIyOIIMKOBaHHBIE HA CETO/IHS HAyYHbIE N3BICKaHMS B 9TON 00JIACTH MPEeCTABIISIOTCS
HEZ0CTaTOYHBIMY 110 IByM IprarHam. [lepBast: paccMaTpriBatoTCst IIIaBHBIM 00pa3oM III00aIbHBIE ST ITOCTABOK, XOTSI BOIPOC
aKTyaJIeH ¥ JIjIs1 JIOKaJIbHBIX OM3HecoB. BTopas: mporHo3upoBaHue, Kak MpaBuiio, TpeOyeT OONbIIMX 00beMOB JaHHBIX IS Ma-
LIMHHOTO 00YYEeHHS ¥ 3HAYNUTEIEHBIX BEIMUCIIUTENIBHBIX PECYPCOB, HEJIOCTYITHBIX OCHOBHOM Macce KomraHuii. [IpencraBneHHoe
HCCIIEIOBAHNE TIPU3BAHO BOCIIOIHUTE 3TH IPOOEITBI M TIOKa3aTh 3(h(EKTUBHOCTH MCTIONB30BaHMS OTKPBITHIX, IOCTYITHBIX JAHHBIX
1 M3BECTHBIX aITOPUTMOB. Lleis paboThl — OmicaTh cxeMy 00O0CHOBAaHHOTO BBIOOpa HAMMEHEE PECYPCOEMKOM MOZIEIH IIPOTHO-
3UPOBaHUS JJOCTABKU Ha OCHOBE aHAJIN3a AJITOPUTMOB MAILIMHHOTO 00YYeHHS.

Mamepuanst u memoowt. Vicnonszosaicst HaGOp OTKPHITEIX JanHbIX DataCo Smart supply chain for big data analysis' o
MOCTaBKax B OHNAifH-Toprosie. [y o0paboTK M aHann3a WHGOPMAIUH 3aIeHCTBOBAIM METOABI OYMCTKH JaHHBIX,
yCTpaHeHUs! MyJbTUKOIIMHEAPHOCTH, HOPMAJIH3allMi ¥ KOAUPOBAaHMS KaTErOPHAIBHBIX NPHU3HAKOB. C OYHMIIEHHBIMH
JNaHHBIME pabotanu anroputmsl: Decision tree, Random forest, K-nearest neighbors, Naive Bayes, Linear discriminant
analysis, XGBoost, CatBoost, LightGBM, AdaBoost u Perceptron.

Pesynvmamul uccnedosanus. bazoBbIM aNrOPUTMOM UL MOJEIH NIPOTHO3UPOBAHMS JOCTAaBKH CTaJl aTOPHTM JiepeBa
peurennii (Decision Tree). DToT BBIOOP 00yCIOBICH BBICOKOH TOUHOCTBIO, POCTOTOMN UCIIOIB30BAHUS U HU3KHM PUCKOM
niepeoOydenus. OLeHKa MOJIeNH TT0Ka3aia BBICOKUH 1 Om3kuil k eaunune kodddunnent nerepmunanyy (0,986). Ipu
9TOM (PUKCHPYIOTCS HHU3KME 3Ha4eHUs cpemHekBanpatudHoi ommOku (0,0367) m cpemHeil aOComOTHON oOmHMOKH
(0,0324). Mopens mokaszaia yJI0BJI€TBOPUTEIbHBIC PE3yJIbTAaThl 0 BpEMEHH, 3aTpadeHHOMY Ha oOyuenue (3,3087 ¢) u
Ha nporaozupoBanue (0,0051 c). dakruueckue u MpeackazaHHble 3HAYEHHsI IOYTH HIeaIbHO cOBIAU. OTKIIOHEHHS OT
(aKkTHUEeCKNX 3HAUYCHHUIT OKa3aIlCh MUHUMAJIbHBIMH.

Oécyicoenue u 3axnouenue. IpemioxenHas Moaenb 3G dekTrBHA 1 001aJaeT BRICOKOH MPEICKa3aTeIbHOM CIIOCOOHO-
cThlo. KauecTBeHHOE NPOTHO3MPOBAHUE CPOKOB JOCTABKH TOBapa BO3MOXKHO 0O€3 NMpHBJIEYEHUs OOIINPHBIX 0a3 JaHHBIX
Y MOLIHBIX BBIYHCIUTENBHBIX pecypcoB. MccnenoBanne OTKpEIBAET MEPCIIEKTUBY Ka4eCTBEHHON OpraHn3aliy JIOTHCTH-
YeCKHX OIepalril U CPeJHNX U MAIIBIX NpeInpHATHI. B manbHeHINX M3bICKAaHMAX 11e1eCO00pa3HO HHTEIPHPOBATH B
MOJIeNb IaHHBIE O TIOT0/Ie, JOPOKHOM CUTyaluy U Ipyrue rnokaszareny. Vcrons3oBaHue Takoi HHOOPMALIMK B PEKIME
peaNbHOro BPEMEHH MOBBICUT aaITUBHOCTh U TOYHOCTB ITPOTHO3HPOBAHHS.

KawueBble ciioBa: MOJECJIb IMPOTHO3UPOBAHHA CPOKOB JOCTAaBKHU, ITIPOTHO3 OJOCTAaBKU [JId MaJlbIX W CPECAHUX
HpeZ[HpI/I)ITPlﬁ, OIIMOKA B IMPOTHO3UPOBAHNUU JOCTABKHU, 1E€PEBO peI_HeHI/Iﬁ JJIs1 JIOTUCTUYCCKUX 3aaa4d

BnarouapnocTn. ABTOpBI BbIpaXKaroT 6J'IaFO,HapHOCTI) peaaKuu U pCUCH3CHTAM 3d BHUMATCJIbHOC OTHOIICHUEC K CTAThE
1 3aM€4aHusl, KOTOPBIE ITO3BOJINIIN ITOBBICUTH €€ KAa9E€CTBO.

Juas mutupoBanus. Pe3sanoB B.K., Pomakuna O.M., 3aiteBa E.B. TIporno3upoBaHue CpokoB JOCTaBKH TOBapoOB B
[ETSIX MIOCTABOK C MCITOJIF30BAHUEM METOJIOB MAITMHHOTO o0yueHus. Advanced Engineering Research (Rostov-on-Don).
2025;25(2):120-128. https://doi.org/10.23947/2687-1653-2025-25-2-120-128

Introduction. In the context of trade development, the relevance of accurate forecasting of delivery time increases.
The inefficiency of traditional planning methods is due to the uncertainty related to the effect of various factors. It is
obvious that the use of artificial intelligence (Al) in logistics can significantly improve the accuracy of forecasts and
reduce operating costs. According to the international consulting organization McKinsey & Company, enterprises using
Al for supply chain management can reduce forecast errors by 20—-50%, which ultimately reduces costs by 10-15%>.

! Constante F, Silva F, Pereira A. DataCo Smart Supply Chain for Big Data Analysis. Mendeley Data. https://doi.org/10.17632/8gx2fvg2k6.5

2 «JlepeBo pelneHuii», «MeTtos ciydaiiHoro jeca», «Merton k Gmmwkaiimmx coceneit», «HaupHblii GaiiecoBckuii kiaccudukaropy, «JIuHeiHbIH
JMCKPUMHHAHTHBIA aHAIN3», «DKCTPEMAIbHbIN rpaAneHTHbIH OycTHHI», «KareropuaneHsiii 6ycTHH», «OONerdeHHbIH IPaANCHTHBIH MAIIMHHBIA
OyCTHHI», «AaJauTUBHBIH OycTHHI», «Ileprentpon» (aHri.)

3 DocShipper Group. How Al is Changing Logistics & Supply Chain in 2025? URL: https://docshipper.com/logistics/ai-changing-logistics-supply-chain-2025/
(accessed: 22.03.2025).
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Published scientific papers on this topic mainly consider large-scale, global supply chains [1]. Various approaches to
forecasting delivery time are actively discussed, but research usually focuses on complex and resource-intensive models
that are inaccessible to the majority of enterprises — small and medium-sized ones. At the same time, the problem is
indeed a challenge for local, small businesses that are badly in need of saving resources. This is facilitated by better
settings of logistics processes in general and, in particular, accurate delivery time forecasting. Companies with limited
information and computing capabilities have few tools to improve the situation. The presented study is intended to fill
this gap. The research objective is to determine the most efficient and least resource-intensive machine learning model
for forecasting delivery time.

Materials and Methods. The study used a structured dataset of sales, deliveries, customers, and financials. The open-
source DataCoSupplyChainDataset is hosted by DataCo Global in the free Mendeley Data cloud repository. The basics
in this dataset are order and delivery dates, customer information, order financials, and delivery status.

Before analysis and modeling, the data were pre-processed — cleaned and transformed. To achieve the set goal,
correlations were first identified and multicollinearity was eliminated on the basis of the correlation matrix (Fig. 1).
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Fig. 1. Correlation matrix

The matrix allowed us to identify several pairs of features with a correlation coefficient equal to 1. This indicates their
complete duplication. These pairs of features are presented below.

1. Customer _id and order_customer _id.

2. Sales_per_customer and order item_total.

3. Benefit_per order and order profit per order.

4. Order_item_cardprod_id (ID of product card in the order) and product card_id (product card ID).

5. Category_id and product_category_id.

6. Order_item_product price (product price in the order) and product price.

To eliminate duplication, the following features have been removed:

— benefit_per order;

— sales per_customer;

— order_item_cardprod id;

—order_item_product_price;

— product_category_id;

— order_customer _id.


https://vestnik-donstu.ru/

Rezvanov VK, et al. Forecasting Delivery Time of Goods in Supply Chains Using Machine Learning Methods

It was also found that the product_status (product availability) feature has only one unique value (0), i.e., the product
is always available. This feature was also removed.

To analyze multicollinearity between numerical features, the variance inflation factor (VIF) was used [2]. Features
with VIF higher than 5 indicate a strong relationship with other features, which can distort the results of the analysis and
models. To avoid this problem, such features were removed or combined. This reduced data redundancy and increased
the stability of the model.

After preliminary processing, we selected the main numerical and categorical features for further analysis and model building.

Numerical features included such indicators as sales, profit, discounts, and quantity of goods in the order. Categorical
features included delivery status, customer segment, and delivery mode.

For features with VIF above 5, further analysis was performed to identify redundant relationships. If a feature could
be expressed through others, it was replaced by a combination of simpler features. Examples are presented below.

1. Sales = product_price * order_item_quantity. Since sales revenue depends directly on the product price (product price) and
the quantity of goods (order item quantity), it is decided to use this expression to replace redundant features.

2. Order _item_discount = sales * order item discount rate. The discount on the product (order item discount)
depends directly on the volume of sales revenue and the discount rate (order item discount rate), which makes this
feature also redundant.

3. Order_item_total = sales — order item_discoun. Here, the total order amount (order item_total) is expressed
through the sales revenue and the discount on the product, which has reduced data duplication.

4. Order_profit_per_order =order_item_total * order item_profit ratio. The profit per order (order_profit per order)
is linked to the total cost of the item and the profit ratio per item (order_item_profit ratio), which makes it possible to
calculate it using other attributes.

Missing values in the order zipcode column were replaced with customer_zipcode.

The data in the days for shipping real column was converted to a normal floating-point number.

In the original dataset, the features “delivery status”, “customer segment”, and “delivery mode” were categorical,
which made it difficult to use numerical machine learning models. Using the Label Encoder* method, these features were
converted to a numeric format:

— the categories “shipped”, “in transit”, and “delivered” of the delivery status feature were mapped to values 0, 1,
and 2, respectively;

— the categories of the customer segment feature were also assigned unique numeric values.

The described approach provides preserving the differences between categories, and at the same time using the
categories in the machine learning process.

When selecting the optimal machine learning model for predicting delivery time, a number of machine learning
algorithms were implemented. Decision tree [3] is one of the most common machine learning algorithms used for tasks
related to decision making based on a set of features. Taking into account the values of some features, the algorithm
divides the data into smaller subgroups and then structures them in the form of a decision tree.

The algorithm works as follows.

1. Before the first step, the root node of the decision tree contains the source dataset.

2. At each step of the algorithm, a feature is selected that provides the most efficient division of data into subsets and
one or more of its threshold values. The data is divided into groups according to the selected feature values. The process
is repeated until leaf nodes that contain the final solutions and are not subject to further decomposition are reached.

Thus, each node of the tree is a decision point at which the data is divided on the basis of the value of some feature.
The branches of the tree correspond to the possible results of such a division.

The key point of the algorithm is the determination of the data partitioning feature at each step.

Preliminary experiments showed that the Gini criterion provided the best accuracy of data partitioning within the
framework of the task, therefore it was used in the presented work.

To determine the optimal algorithm, Random Forest [4], K-Nearest Neighbors [5], Naive Bayes [6], Linear Discriminant
Analysis [7], XGBoost [8], CatBoost [9], LightGBM [10], AdaBoost [11] and Perceptron [12] were tested on the prepared data
set. These algorithms were selected due to their widespread use and proven efficiency in solving forecasting problems. Each
model was tested on the same dataset after the same preprocessing procedure. To evaluate the efficiency of the models, the
following metrics were used: R? (determination coefficient), mean square error (MSE), mean absolute error (MAE), as well as
the time spent on training and forecasting. The listed metrics provide for an objective comparison of the accuracy and resource
intensity of the algorithms, and the selection of the optimal model for forecasting delivery time.

4 Label Incoder: the method transforms data representing categorical values into integers 0, 1, 2, etc., corresponding to each category.

Information Technology, Computer Science and Management

123



https://vestnik-donstu.ru

124

Advanced Engineering Research (Rostov-on-Don). 2025;25(2):120-128. eISSN 2687-1653

Research Results. Figure 2 shows the quality assessment of the models described above using the metrics listed.
Decision Tree and Random Forest demonstrated the highest accuracy. However, the simplicity and interpretability of
Decision Tree, as well as its lower tendency to overfitting [13] compared to more complex models, should be taken into
account. In this regard, the Decision Tree algorithm was used to predict the delivery time of goods.
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Fig. 2. Model quality assessment:
a — model quality assessment using R? metric; b — model quality assessment
using MSE metric; ¢ — model quality assessment using MAE metric;
d — training time, s; e — prediction time, s
Thus, testing the Decision tree model gave the following results:
— determination coefficient — 0.986;
— mean square error (MSE) — 0.0367;
— mean absolute error (MAE) — 0.0324;
— training time — 3.3087 s;
— prediction time — 0.0051 s.
High R? value and low MSE and MAE values indicate high accuracy and efficiency of the model.

Information Technology, Computer Science and Management

125



https://vestnik-donstu.ru

126

Advanced Engineering Research (Rostov-on-Don). 2025;25(2):120-128. eISSN 2687—-1653

Consider the agreement between the actual values and the values predicted by the model (Fig. 3).
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Fig. 3. Actual vs. predicted values chart

As you can see, the blue dots (predicted values) are located close to the red dashed line, which is the line of perfect
agreement between the actual and predicted values. This indicates high accuracy of the prediction of values. This
indicates high accuracy of the prediction of values.

The dense arrangement of dots along the dashed line refers to the absence of significant biases towards overestimation
or underestimation of indicators. This shows a balance between the predicted and actual values.

The clustering of points along the diagonal suggests that deviations from the actual values are minimal. Thus, we can

reasonably speak of extremely minor errors and high predictive ability of the model.

Discussion and Conclusion. The experimental results have shown that the decision tree-based model is capable of
predicting the delivery time of goods with high accuracy. This is confirmed by high R? values and low MSE and MAE
values. It was also established that the model was trained and made a forecast quite quickly, i.e., it was well suited for
use under real conditions. In this sense, it is especially valuable that the operations have been implemented with minimal
computational resources.

Let us note the basic conditions for achieving good results:

— high-quality data preprocessing;

— elimination of multicollinearity;

— application of optimal data partitioning criterion.

The scientific significance of the presented research should be considered from both theoretical and applied
perspectives. In the first case, we are talking about the possibility of successful application of simple and effective
machine learning models in logistics. It is shown that these models can provide the required accuracy of forecasts,
significantly reduce operating costs, and optimize enterprise resources. The authors of the presented paper select from
nine algorithms, each of which may be optimal for solving one or another logistical (or, more broadly, economic) problem
of the enterprise. We will list only some of the logistical problems that can be attempted to be solved using the approach
described in this paper:

— selection of delivery scheme taking into account requirements for product freshness;

— selection of delivery scheme taking into account the costs of fuels and lubricants;

— optimization of purchases taking into account warehousing costs;

— formation of salary policy in the logistics department;

— forecasting the liquidity of goods.

This leads to the second — applied — potential of the scientific research described in the article. The expected final
practical effect is better controllability and profitability of logistics. This is especially important for small and medium
businesses. Large corporations employ their own staff of analysts and programmers, create their own databases or
purchase exclusive information to build effective logistics. Small companies can use the data sets and known algorithms
they have accumulated in the course of their work for the same purposes. However, we note that the proposed approach
can also be used as a basic model for more complex supply chain management systems.
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Further research could focus on integrating additional data sources, such as current traffic conditions, weather
conditions, and macroeconomic indicators. Using this information in real time could improve the forecast accuracy and
adaptability of models.
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