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Abstract—Forecasting systems which are data-driven are of
great importance in streamlining industrial and business
processes during the digital transformation age. Supply chain
management (SCM) is among the most significant processes to
enhance the efficiency of operations and port strategic
decision-making. This study seeks to evaluate the performance
of two machine learning based classification algorithms, namely
Naive Bayes and the k-Nearest Neighbours (K-NN) algorithm,
using data in the supply chain. Some of the most valuable
operational attributes, including pay t method, it

t, status of ship t, profitper tr tion and custs
location, are stored in the database. The data were first cleaned
and then transformed into normalfRd and label-encoded
format, after which they were divided into training and testing
sets with a ratio of §R20. The performance of the two algorithms
was assessed using accuracy, precision, recall and Fl-score. The
findings of the research indicate that Naive Bayes is the most
promising algorithm, its accuracy and precision are 99.75% and
its recall rate is close to 100% in the majority of the classes.
These findings show that Naive Bayes is a probabilistic
algorithm which better fits the data distribution than a distance-
based K-NN algorithm.

Keywords—data  classification, ~ K-Nearest  Neighbours,
machine learning, Naive Bayes, predictive analytics, supply chain.

1. INTRODUCTION

During the digital transformation and the growing
complexity of the global environment, the level of supply
chain management (SCM) has emerged as one of the strategic
clements influencing the sustainability of operations of a
company [1], [2]. SCM no longer deals mainly with tangible
processes like acquisition of raw materials, manufacturing
and distribution, but it is much dependent on the capabilities
of data processing and analysis to make fast and correct and
efficient decisions [3], [4]. A study of 281 actors of MSMEs
in Yogyakarta revealed that operational digitalization
positively influences sustainable business performance [5].
This validates the relevance of analytical technology and
machine learning in aiding data-driven decision-making.

The classification of the data is one of the most important
elements that must be taken into consideration when carrying
out machine learning in SCM [6]. The classification process
allows the companies to group heterogeneous information of
a complex nature, including the type of customers, the pattern
of demand of the product, potential risks of decline in the
delivery time, and even predicting a shift in the market trend
[7], [8]. When correctly classified, the strategic decision
making will be improved, as well as the operation itself, the

number of risks, and the profit per transaction [9].
Technology-based forecasting can serve to minimise
forecasting error by as much as 50% [10] and maintenance
cost by as much as 30% [11].

A number of global trends in the past five years have
added more urgency to the need of having a data-driven
approach towards SCM. The COVID-19 s revealed how
vulnerable the typical global supply chains were because
numerous companies were faced with shipping delays, raw
material shortages, and demand transformations [12]. More
than 90 percent of manufacturing enterprises all over the
world faced the disruption of their supply chains during the
pandemic [13]. The condition is compelling organisations to
establish supply chains that are more resilient, flexible, and
sensitive to products of the market. Also, the @igitalisation
wave is speeding up the use of innovative technologies,
including the Internet of Things (ToT), big data, and artificial
intelligence (AI) [14]. According to International Data
Corporation (IDC), 60 percent of large companies will have
Al and 1oT integrated into their supply chains by 2026 [15],
which will cause a significant growth in the volume of
logistics data and will require more innovative ways to
process 1t.

In the industrial sector, rising customer expectations for
fast, transparent, and personalised service are further
emphasising the importance of data classification [16]. By
gaining a better understanding of customer characteristics,
companies can tailor distribution strategies while reducing
resource waste, However, most previous research still focuses
on the technical aspects of classification algorithms [17],
[18], [19], [20], [21], with little connection to strategic
implications in SCM [22]. Research on the impact of data
cation on operational efficiency, supply chain
resilience, and digital transformation in the industrial sector
remains limited, creating a research gap.

Two p@gllar algorithms in data classification are Naive
Bayes and k-Nearest Neighbors (K-NN). Both are known for
their ease of implementation and good performance on
various types of data [23]. Naive Bayes operates on a simple
probabilistic principle, assuming feature independence, while
K-NN performs classification based on the proximity
between data points. These two algorithms have been widely
applied in healthcare, text, and pattern recognition, but their
application and comparison in the context of SCM are still
limited.

Based on the description, this study aims to analyse and
compare the performance of the Naive Bayes and K-NN
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algorithms i the context of SCM. The research focuses on
measuring the accuracy of SCM data classification using both
algorithms, as well as determining the most effective method
to support strategic decision-making. Through this study, the
research is expected to contribute both academically and
practically, enriching the literature on machine learning-based
classification and supporting more innovative, more efficient,
and adaptive SCM practices in the digital age.

II. RESEARCH METHOD

A. Research Design

Thas research is comparative quantitative in chﬂl
is founded on the experiments of data classification dy
analyzes using the Naive Bayes and the k-Nearest Neighbors
(K-NN) algorithms in the supply chain management (S@§)
data. Public datasets were used to test the model algorithm and
the results were evaluated in terms of accuracy, precision,
recall and F1 score [9]. Quantitative approach has been
selected due to the fact that it gives objective and testable
results. In the meantime, the comparative approach will be
required to decide which algorithm s good at classifying SCM
data. Figure 1 below presents the flow of the research.

Data Collection and Preparation

+ Download relevant datasets from trusted sources
Perform data cleaning. i .. removing empry data, duplicates, and
outliers

Perform data transfonmations such as nonmalization or label encoding
ng and test data in an 8§0:20 ratio

= Split the dataset inio tra

Implementing the Naive Bayes Algorithm

+ Using Gaussion NB for numeric data or Multinomial NB for
gorical data
the model using training data
1 labels from rest data

model with

metrics

Implementing the k-Nearest Neighbors (K-NN)
Algorithm

ng the optimal k value (usually 3. 5. or 7)

he K-NN model using the tr;

e test data using the Evclidean pumuuuy principle

Calculating the evaluation metric values

Evaluation and Comparison

The results of the two algorithms will be compared using four main
evaluation metrics

* Accuracy

+ Precision

* Recall

* Fl-Score

Fig. 1. Research Flow

B. Data Collection Stage

The data utilized is a secondary data in the form of

structured datasets pertaining to supply chain activities. Such
variables as the type of product, shipping (on-time and late),
customer demand, warchouse placement, supply chain risk
(low, medium, high) and delivery time are included in this
data. The data has been taken in open repositories, including
Kaggle, the UCI Machine Learning Repository, or OpenML,
which has been popularly used in earlier studies [10].

The data collection and preparation stage involves the fact
of collecting datasets based on the trustworthy sources and
data cleaning in order to eliminate all the cases of empty,
duplicate, and outlier data [11]. Further data manipulations
like normalisation and label encoding were also done to ready
the data to be processed by the algorithm. The dataset was
then separated into training and testing data in an 80 and 20,

respectively, in order to make the evaluation of the models
fair [12].
C. Data Analysis Implementation Phase

The application step of the Naive Bayes Algorithm is done
by having a Gaussian Naive Bayes [24], which applies to
physical data (numerical) or Multinomial Naive Bayes, which
applies to categorical data. The algorithm 1s trained with
training data, then applied to make predictions on the test
data. The outcomes of the prediction are subsequently
checked against certain metrics to establish the functionality
of the model. Meanwhile, the implementation stage of the k-
Nearest Neighbors (k-NN) Algorithm starts by identifying
which value is the most appropriate as k (usually 3. 5, or 7)
[25]. Training data is then used to train k-NN, which then
predicts the test data based on Euclidean distance theory.
evaluation metric values are then determined to judge the
performance of the k-NN algorithm [26].

D. Evaluation and Comparison Stage

Itis the most important component of the research because
it will compare the two algorithms regarding various four
evaluation measures. The most relevant metrics that are
important to consider include Accuracy, Precision, Recall, and
Fl-score. This comment provides an impression of the most
suitable and optimal algorithm to use in the case of supply
chain management data classification [27].

1II. RESULTS AND DISCUSSION
A. g{a Collection

The initial source of data collection in this study was the
identification of credible and relevant sources of datasets to
the context of supply chain management. The data was
retrieved in Kaggle and in UCT machine learning repository
and the overall data was about 500 data points including the
needed variables like customer segment, payment method,
order and delivery date, delivery status, profit per sale and
customer location. The data were chosen according to some
criteria such as the completeness of features, an acceptable
sample size, and the usage license that allows applying it to
research. All the details connected with the source, file
format, and the date of download are presented clearly in
order to ensure authenticity and reproducibility.

The second process is to check and authenticate the data
to determine the quality and consistency of data. This is done
by getting rid of missing values, duplicate data, and
identifying outliers which may influence model accuracy.
Also, the target variable of Customer Segment was also
checked on class distribution to predict the possible class
imbalances. In case there exist important disparities, such
sampling techniques as stratified sampling or oversampling
can be taken into account. In the case of categorical data, ¢.g.
methods of payment and shipping status, label encoding was
done. In the case of numerical data, such as the profitand lead
time, normalisation was employed to allow the scale to be
consistent.

Once the data had been cleaned other useful features were
derived including lead time (the gap between the order date
and the delivery date), day of the week, month and even
patterns of the seasons that would affect customer behaviour.
Location data are also made to be adjusted to regional
groupings to simplify the number of cate gorical variables that
may have been too many. This data was then separated into
two, in the ratio of 80: 20, i.c., training data to be used in
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and preprocessed result files in different locations
contributing to the possibility of replicating the experiment
and making the research findings answerable.

constructing the model, and test data to be used to quantify
the performance of the model on new data. The whole process
of data collection and preparation was adequately recorded in
terms of versioning datasets as well as the storage of raw files

A ] C [} 13 F G H I J K L M N o P R -
1 Type  Daysfor s Daysfor s Bene, ry Sikate_deliv Category | Categary ! Customer Customer Customer Customer Customer Customer Customed| Customer Segment|Customer Cus
2 Dearm H 4 9125 31464 Advances 0 73 Sporting GCaguas  Puerta Rie XO00000K Cally 20755 Holloway 00000004 Cansumer PR 536
3 TRANSFER 5 4 4900 31136 Late delive 1 73 Sporting G Caguas.  Puerto Ric X000 Irene 19402 Luna 00000004 Cansumer PR %7
4 CASH 4 4 4778 309.72 Shipping ¢ 0 n 8 lose EE.UU. 19401 onsumer CA 81
5 DEBIT 3 4 2286 30481 Advance s 0 73 Sporting G Los Angek EE. UU.  XXI000XC Tana 19490 Tate 200000004 Home Office CA 0
6 PAYMENT 2 4 13421 298.25 Advance s o 73 Sporting CCaguas  Puerto Ric XXO00000C Ork 19489 Hendricks X)0000004 Carporate PR 867
7 TRANSFER [ 4 1858 20498 Shipping e 0 73 Sporting G TonawancEE. U, XXOOOMCKimberly 19488 Flawers 00000004 Cansumer N a2
8 DEBIT 2 1 9518 28842 Latedelivc 1 73 Sporting CCaguas.  Puerto Ric XX0DOXMC Constance 19487 Terrell 00000004 Home Office PR 187
9 TRANSFER 2 1 6843 28514 Late deliv 1 73 Sporting CMiami  EE.UU.  XX0000CC Erica 19486 Stevens 00000004 Corporate FL 59
10 CASH 3 2 1372 27859 Late delivc 1 73 Sporting C Caguas  Puerto Ric XX00000C Nichole 19485 Qlsen 00000004 Corporate. PR 05
11 CASH 2 1 13215 27531 Late delive 1 73 Sporting G 5an Ramo EE. UU,  XXI00OX Oprah 19484 Delacruz X000X0004 Corporate CA 913
12 TRANSFER [ 2 13058 27203 Shippingc 0 73 Sporting GCaguas  Puerta RicXXOOOMCGermane 19483 Short  X0000000Y Carporate & 05
13 TRANSFER 5 2 4569  268.76 Latedelivc 1 73 Sporting CFreeport EE.UU.  XX0000(C Freya 19482 Robbins  X000M0004 Cansumer NY Er
14 TRANSFER 4 2 W76 2622 Latedeliv 1 73 Sporting CSalinas  EE.UU.  XX0DO(G Cassandra 19481 Jensen  X0OOXO004Carporate CA 131
15 DEBIT 2 1 2458 24581 Latedelivc 1 73 Sporting C Caguas  Puerto Ric XX00000C Natalie 19480 Mefadden 00000004 Carporate PR 53
16 TRANSFER 2 1 1639 327.75 Late delivc 1 73 Sporting CPeabody EE.UU.  XX0000CCKimberley 19479 Sharpe 00000004 Corporate MA 841
17 DEsiT 2 1 25858 32447 Latedelive 1 73 Sporting € Caguas.  Puerto Ric XX0D0MG Sade: 19476 Lancaster XO0OX004 Corporate PR K7
18 PAYMENT 5 2 636 3212 Latedelivc 1 73 Sporting € Canovana Puerto Ric XX0000(C Brynne 19477 Giles  X00000004 Carporate PR 34
19 CASH 2 1 284 317.92 Late deliv 1 73 Sporting € ParamounEE. UU. X000 Ciara 19476 Bird J000000Y Carporate CA e
20 DEBIT 2 1 10226 31464 Late delivc 1 73 Sporting G Caguas  Puerto Ric XX0000: Bo 19475 Griffin 0000000 Consumer PR 513
21 PAYMENT 0 0 8718 31136 Shipping e 0 73 Sporting G Mount PrcEE. UU.  XX000000G Kim 19474 Simon 00000004 Cansumer IL m.
Fig. 2. Supply Chain Dataset
Row No. Customer Segment  Type Daysforshi. Daysforshi.. Benefitper..  Salespercu.. Delivery Stal. Lat
1 Consumer oEBIT 3 4 91.250 314,640 Advance ship.. 0 2
2 Consumer TRANSFER 5 4 -249.090 311.360 Late detvery 1
3 Consumer casH 4 4 -247.780 300.720 Shippingonti. 0O
4 Home Office DEBIT 3 4 22860 304810 Advance ship. 0
5 Corporate PAYMENT 2 4 134210 208250 Advance ship_. 0
8 Consumer TRANSFER [ 4 18.580 294980 Shippingcan. 0
7 Home Office oEBIT 2 1 95.180 288.420 Late delivery 1
e Corporate TRANSFER 2 1 £8.430 285.140 Late delivery 1
° Corporate casH 3 2 133720 278500 Late delivery 1
10 Corporate casH 2 1 132.150 275310 Late delivery 1
a - Comerate TRANSFER 6 2 130.580 272030 shigoinacan.. 0¥
ExampleSet (180,519 examples, 1 special atribute, 52 regular atributes)
Fig. 3. Dataset Training
Row No. CustomerS_  Type Daysforshi. Daysforsni. Benmefitper .  Salespercu.. Delivery Stal_  Late_dein
1 Consumer DEBIT 3 4 91.250 314640 Advance ship.. 0 a3
2 Consumer TRANSFER s 4 -249.090 311.350 Late delivery 1
a Consumer CASH 4 4 -247.780 209.720 Shippingonti.. 0
a HomeOmce  DEBIT 3 a 22860 304810 Acvance ship.. 0
s Corporate PAYMENT 2 4 134210 208.250 Advance ship.. 0
6 Consumer TRANSFER 6 4 18.580 294980 Shipping can. o
7 Home Office  DEBIT 2 1 95.180 288.420 Late delivery 1
8 Corporate TRANSFER 3 1 68.430 285.140 Late aelivery 1
a Corporate CASH 3 2 133720 278,500 Late delivery 1
10 Corporate cASH 2 1 132.150 275310 Late deiivery 1 v
< [} >

ExampleSet (500 examples, 1 special attribute, 52 regular atiributes)
Fig. 4. Dataset Training

Figure 1. Dataset Training

B. Implementation of the ﬁ've Bayes Algorithm and K-
Nearest Neighbors (K-NN)
In this study, two classification algorithms, Naive Bayes
and k-Nearest Neighbors (K-NN), were applied to analyze the

classification performance of supply chain data. Both
algorithms were chosen because they are equally popular in
data processing, but have different approaches and
characteristics. Naive Bayes relies on probabilistic theory
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with the assumption of feature independence, while K-NN is
based on the principle of proximity between data. This
fundamental difference allows the research to gain a broader
perspective on the effectiveness of classification models
under various supply chain dataset conditions, which tend to
be complex and heterogeneous.

Naive Bayes Algorithm functionality relies on calculating
the likelihood of a piece of data falling under a particular
category based on the distribution of data used in training.
The first step was to choose the type of algorithm, which
depends on the nature of the data, i.e., Gaussian Naive Bayes
to work with numbers (profit and delivery time) and
Multinomial Naive Bayes to work with categorical variables
(payment method, delivery status, etc.). Having undergone
such training data, the model produces prediction
probabilities over training data and ultimately determines the
one that has the greatest probability of being the most
appropriate. The key strengths of this algorithm are
simplicity, speed of computation, and low memory usage.
Naive Bayes is highly effective this way and can be adopted
on data sets that ain a multitude of samples and a
sufficient amount of features. The assumption of feature
independence is not always correct, but nevertheless, this
algorithm can provide @pod and consistent results.

On the other hand, k-Nearest Neighbors (K-NN) is a non-
parametric algorithm that does not create a model but instead
simply stores all the training data and predicts by determining
how similar the test data is to the training data. The first step
involves giug the best value of k, say k=3,5, or 7, to
establish the number of nearest neighbors used in the
classification algorithm. Euclidean Distance is typically used
as the method of measuring the distance between data points,
but other measures can be applied, such as Manhattan and
Minkowski, based on the situation at hand. The measured test
data are then assigned the majority category of nearest
neighbours. Its weakness lies in the fact that K-NN is
inadequate when dealing with data that has non-linear
distribution patterns, whereas its advantage lies in the fact that
large datasets, like the predicted item, may demand high
computational costs.

To evaluate the ]Bfurmauce of both algorithms, this study
uses the metrics of accuracy, precision, recall, and Fl-score
[28]. Accuracy measures the proportion of correct predictions
out of all the data, precision assesses the guracy of
predictions for a specific class, recall indicates the model's
ability to capture all positive data within a class, while the F1-
score provides a balance between precision and recall. The
evaluation results show that Naive Bayes tends to provide
stable performance on datasets that align with the
assumptions of probabilistic distribution, with a very high
accuracy rate. Conversely, K-NN is more competitive in data
conditions with non-linear patterns and high complexity,
although it takes longer to make predictions.

[—
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Fig. 5. Naive Bayes Model Result

Figure 5 shows the process of implementation of Naive
Bayes Model used in the study. The datset of supply chain
(which is acquired in the UCI dataset) is first retrieved and
then passed to the Naive Bayes algorithm to train the model.
The next step after model building is model application which
is the model used to test the data. Performance module was
used to measure the clgggification results on the basis of
which quantitative value metrics such as accuracy, precision,
recall, and F1 score were found. The workflow indicates that
the data that can be used in the direct Naive Bayes method 1s
processed with high efficiency without having complex
additional parameters and 1s simplified further to be
implemented [14], [15].

Pertormance

- g -

Fig. 6. K-NN Model Result

The process of the k -Nearest Neighbors (K-NN) model is
presented in Figure 6. The first steps are identical to Naive
Bayes since the first one is to retrieve the data (Retrieve UCI
Dataset) and then process the data in the K-NN algorithm. It
is at this point that the issue of establishing the value of the k
parameter is important because it will influence the quality of
the classification findings. This 1s followed by the Apply
Model process of the test data to obtained class predictions on
the basis of similarity with the training data. The Performance
module is used to carry out model performance evaluation in
which the results of the evaluation metrics are shown in detail.
The K-NN algorithm has more computational requirements
when making predictions as compared to the Naive Bayes
because the threshold distance of cach test data set needs to
be calculated against all the training data [16], [17].

Overall, both images show similar clas
modelling stages, starting from dataset acquisition,
processing with the selected algorithm, applying the model to
test data, and finally evaluating performance using
performance metrics. The difference lies in the way the core
algorithms used work, where Naive Bayes relies on a
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probabilistic approach, while K-NN relies on a distance
(similarity-based) approach. Through this visualisation, it can
be understood that although the modelling process seems
simple, the choice of the cormrect algorithm significantly

affects the effectiveness of classification results in the context
of supply chain management.

TABLE 1. PERFORMANCE ACCURACY PER ALGORITHM

Naive Bayes

k-Nearest Neighbours (K-NN

true

true

true Home true class true Home true class
Customer Office Corporate preci Customer Office Corporate precision
Accuracy 99,75% 73,75%
pred 5 o0 o
Customer 211 0 0 100,00% 171 16 31 78,44%
pred Home 0 54 0 100,00% 12 31 10 58.49%
Office
pred 0 1 134 96,26% 28 8 93 72,09%
Corporate
class recall 100,00% 98,18% 100.00% 81,04% 56,36% 69.40%

Table 1 shows the outcome of the performance analysis of
the Naive Bayes and the k-Nearest Neighbors (K-NN)
algorithms to classify three target classes in the supply chain
data, ie., Customer, Home Office, and Corporate. The
performance is measured in terms of total accuracy, the class
precision and class recall which is obtained after calculating
the confusion matrix of each model. The analysis findings
indicate that Naive Bayes is much better in terms of the
accuracy of 99.75, which is significantly more than that of K-
NN (73.75). There were 211 Customer data, 54 Home Office
data and 134 Corporate data that were classified with a great
success rate and very high accuracy in the Naive Bayes
model. The mistake was made in only one point of the
Corporate class, which was falsely categorised as Home
Office. Class precision Customer and Home Office were 100
and Corporate 96.26. The recall value was also quite high,
Customer and Corporate had a 100% and Home Office had a
98.18% recall value. It implies that the Naive Bayes model is
able to identify nearly all the data and reduce the
misclassification errors.

In its turn, the K-NN algorithm performed with lower
satisfaction. Of 211 customer data objectives, 171 were
rightly categorized and the rest were wrongly categorized as
Home Office (16) and Corporate (31). This was also done
with the Home Office and Corporate classes where K-NN
tended to commit cross classification errors. The best K-NN
precision was recorded with Customer class (78.44%),
whereas the worst precision was with Home Office (58.49%).
The values of the recall were low, 81.04 Customer, 56.36
Home Office, and 69.40 Corporate. This means that K-NN
cannot easily differentiate patterns across classes especially
when the classes have data closely distributed together.

From this comparison, it can be concluded that the
characteristics of the supply chain dataset used are more
suitable for the feature independence assumption in Naive
Bayes, resulting in more accurate, consistent, and efficient
predictions. Conversely, the performance of K-NN is
influenced by the proximity between data and the selection of
the parameter k, making it less optimal for datasets with
complex variations. Therefore, for the case of customer
segment classification in the supply chain, Naive Bayes
proved to be more effective than K-NN in supporting data
analysis and decision-making based on historical data.

Based on the findings, it should be stated that the use of
Naive Bayes, in its case, 18 rathe&ummended for the data
classification system within a supply chain management
when the use of this algorithm is necessary to compete with
customers or determine the delivery status. It has a high
potential to be used within data-driven systems because it
provides quick, precise, and effective models: thus, it is
highly relevant in this domain because it can deliver real-time
prediction results. In the meantime, it is possible that K-NN
can also be applied as an alternative, but to enhance the result,
one should adjust parameters (size of k) and distance
minimization to improve the work of K-NN. The implications
of the findings of this research paper are as follows: machine
learning algorithms ought to be applied in the current state of
supply chains.

Considering that, in addition to the automatization of
decision-making processes, the application of ¢l ication
models also contributes to digital transformation and
increasing resilience to external disruptions, the supply chains
become more resilient. This study calQe improved in the
future by using more and more diverse algorithms, including
Decision Trees, Random Forests, or Support Vector
Machines (SVMs), and also by analyzing much larger
datasets. Other technologies that can be integrated to develop
more intelligent, more transparent, and more adaptable to
changes in market supply chain systems can be generated,
including Internet of Things (IoT) and blockchain.

IV. CONCLUSION

According to tI@sults of the conducted research, one
can conclude that the Naive Bayes algorithm outperforms k-
Nearest Neighbors (K-NN) when it comes to customer
segmentation as part of the supply chain management. Naive
Bayes was able to attain a 99.75% accuracy and high
precision and recall on virtually every class, while K-NN was
able to attain only 73.75% accuracy with relatively low rates
of precision and recall. It implies that the traits of the adopted
dataset are conducive to the probability-heavy assumptions of
Naive Bayes over the vicinity-based K-NN methodology.
Thus, Naive Bayes is more precise, efficient, and effective in
aiding the data analysis and decision-making in the supply
chain systems.

One might offer that to compare the two approaches
further, the additional algorithms such as Decision Tree,
random forest, or Support Vector machine (SVM) can be

ISSN: XXXX-XXXX: DOLXXXX




Engineering Science Letter,aul. XX, No. XX, August 20XX

added and researched. In addition, to increase the validity of
the research, it would be more appropriate to test them using
broader and more diversified data sources induced by real-life
settings. This is also achieved by optimization of K-NN over
its parameters, i.c. computation of k-value of data, distance
measure and alternative measures of distances etc. In addition,
they can create technology smarter, more transparent, and
adaptable to market dynamics supply chain sy@@ms when
used together with other technology platforms, such as the
Internet of Things (IoT) and blockchain, to contribute to firms
becoming more competitive in the digital world and more
resilt against market fluctuations.
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