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Abstract: Supply chain operation reference (SCOR) model delineate the business endeavors associated with all the stages for customer
satisfaction and it plays a major role in online merchandising by integrating digitalization. This study aims to integrate digitalization to
SCOR model for enhancing the supply chain performance (SCP) in online merchandising (SCPOM). There are numerous studies on this
area which indirectly uses few of the digital strategies and tools like 10T, RFID, GPS, etc., to enhance SCP. This study has analyzed the
impact of digitalization in enhancing the SCPOM. A questionnaire with 24 items has been collected from 310 respondents in India, using
purposive sampling method and collected the responses from tech geeks who are using online retail platforms on a regular basis. The model
validation has been done using a machine learning application (MLA) called artificial neural network (ANN) and a confusion matrix. This
study has found that digitalization along with SCOR model influences the SCPOM with R2 in training is 86.98% and in testing is 93.68%.

Also, in confusion matrix the accuracy, specificity, and sensitivity of the model is 98%, 94.5% and 98.2% respectively.
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1. Introduction

This Through machine learning, various supply chain management
(SCM) specialties and patterns have been elucidated. Contextual
intelligence of machine learning is being sought by the entire
industrial world in order to observe several new practices of the
supply chain network. Since the supply chain is critical to an
organization's ability to make profit, supply chain management
plays a vital role in business operations. When working with
suppliers to procure high-quality materials, it is essential to
understand market supply and demand. However, the ability to
manage the supply chain has recently been enhanced by the digital
revolution, the implementation of artificial intelligence and
machine learning [1].

Artificial neural network (ANN) method is a data analysis method
that replicates neuronal array that processes information. The
efficacy of ANNs has been demonstrated over the course of many
years by their use in a wide variety of problems, each of which
possessed a varying level of complexity and were applied to
diverse fields. [2], has stated that neural networks are a
representation of the way in which arrays of neurons most likely
operate in the biologic processes of memory and learning. The
universal approximations and computational models are referred
to as these networks, and they possess precise qualities as the
capability to adapt or learn, to organize, or to generalize data.
ANN’s acquire their knowledge through the process of training
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with examples, which "involves the utilization to adjustment of
connection weights among neurons by a training algorithm to
achieve the desired input-output relations”[3]. It has found
widespread application in the fields of calibration, optimization,
modelling, and pattern recognition.

Nodes in an ANN are referred to as neurons in the scientific
community. The neurons are organized into a series of layers, and
the connection weights between them can change depending on
how they are linked to one another (Jouyban et al., 2004). Each
layer may contain a diverse assortment of neurons, each of which
may have a particular transfer function. The first layer, which
consists of 5 nodes, is called as input layer and the final layer is
called the output layer, and it only has one node. Hidden layers are
inserted in the middle of the input and output layers. All of these
layers are responsible for the learning process that the network
goes through.

In the late 1990s, the Supply Chain Council (SCC) came up with
the idea for what is now known as the supply chain operations
reference (SCOR) model. This model places an emphasis on
SCM's operational aspects [4]). The SCOR-model is also known
as the "Process Reference model” due to the fact that it
encompasses established concepts and methods, such as business
process redesign and benchmark analysis that are considered to be
best practices [5]. It is currently familiar and coherent SCM
framework available, and it consists of seven essential business
processes. SCOR is a tool that can be used in management. It's a
supply-chain management process reference model that goes all
the way up to the customer of the customer of the supplier.

The SCOR model was developed to represent the various business
activities that are required to fulfil the demands of a customer at
each stage of the process. Supply chain performance (SCP)
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metrics, that supports the business to establish a standard by which
they will judge the work done by their business partners along the
supply chain [6]. Business analytics, is a methodical and all-
encompassing metric that can be used to evaluate the performance
of a supply chain. A wide variety of models have been utilized for
the purpose of business analytics. The SCOR model is one of the
most well-known ones, and it is one that researchers have utilized
quite frequently [6]. The SCOR model provides a comprehensive
approach to discovering, analysing, and following the progress of
supply chain performance. Using SCOR as an independent
variable and SCP as a dependent variable, [7]found a significant
impact of plan, source, make, and deliver on SCP.

SCM aims to maximise chain effectiveness by providing superior
customer service[8]. Despite the fact that SCP is the foundation of
supply chain strategies, assessing it is difficult because it involves
both economic and qualitative factors like costs and sales volumes
[9]. The primary objective of performance assessment is to provide
helpful information that enables businesses to better fulfil the
requirements of their clients and achieve the goals that they have
set for themselves strategically [10]. During the course of the past
ten years, there has been a meteoric rise in the popularity of online
shopping as a result of the fact that compared to conventional
shopping, it is both more convenient and less expensive. However,
the transition from one purchasing method to another, more
modern one initially caused customers to be concerned about a
number of issues, including the following: the disclosure of private
information, the possibility of falling victim to online fraud, a
disparity between the quality of the product purchased and the
quality desired, and failed shipments, among other issues [11].
Consumers have an advantage when they shop online because it
provides them with more information and the opportunity to
compare products and prices, in addition to providing them with
the convenience and the simplicity of finding the products that they
want[12]. It has been hypothesised that modern consumers who
value convenience and swiftness will be more content with their
shopping experiences if they take place online.

A radical transition from a purely operational function to an
independent supply chain management function has taken place in
supply chains over the course of the past ten years. As a result, this
shift took place. More advanced planning processes such as
analytical demand planning are now being used by supply chain
management to ensure that customers and suppliers are working
together seamlessly.[13].

The supply chains of traditional businesses are being significantly
disrupted by the digital economy. The internet and various mobile
devices are the primary tools for conducting business in today's
digital economy, which is based on digital computer technology.
In the current economy, value is created through connections made
possible by technological advancements between individuals,
machines, channels, and organizations. Consumers are able to
conduct research and make purchases for what they want through
the use of digital platforms such as mobile networks, social media,
and online shopping. Companies are able to collect information in
real time about consumers' shopping habits, and this includes
everything from their shopping habits to their purchases of specific
goods. The custom packaging and shipment of individual units of
a product is rapidly becoming the industry standard across the
world[12]. The advent of the digital era required significant
adjustments to be made to traditional supply chains. At this time,
essential aspects of the processes involved in supply chain
management are going through an enhanced digitalization process

[14].

The 1970s saw the first widespread adoption of microprocessor
controllers and distributed control systems, which marked the
beginning of the digitalization process. This era is considered to be
the beginning of the information age because of the widespread
adoption of information technology (IT) and the use of the Internet,
both of which have undergone rapid development since the 1990s.
What is currently commonly referred to as "digitization™ [15] could
also be referred to as "the second Digital Revolution." It will lead
to an increase in Information Technology, as well as a significantly
tighter integration of Operational Technology (OT), in addition to
a shift in the daily lives of private consumers.

Digitalization in supply chain management divisions helps develop
a market-based structure (Hartley & Sawaya, 2019).Large
corporations across a wide range of industries are therefore
investing heavily in the incorporation of cutting-edge technology
to improve supply chain management capabilities [1]. Technology
advancement, particularly the growth of Al technology in business
operations, is a key component of the digital revolution.
Technology trends in Industry 4.0 have had a significant impact on
encouraging businesses to incorporate advanced technologies into
their operations [16].

2. Research Gap

Supply chain management has been studied extensively. The
integration of digitalization to SCOR model and, its importance in
enhancing the supply chain performance in online merchandising
has been critical to find among the existing literature. Additionally,
since the digitalization and machine learning are relatively new
topics in the field, there is a lack of literature. In the field of supply
chain management using machine learning and other digital
revolution modes, a lack of adequate information has thus been
identified as a problem to be solved.

3. Methodology

Research methods used included a cross-sectional study and the
application of machine learning to investigate the relationship
between proposed SCOR model (which includes source, plan,
deliver, return and digitalization) and Supply chain performance in
online merchandising (SCPOM). For this study we have used an e-
questionnaire, and collected the data from online e-commerce
customers in India. A total of 310 responses have been collected
using purposive sampling method. Then the data collected has
been cleaned and imported into python using spider interface to
analyse the data using machine learning applications. Then the data
has been cleaned, standardised and then predicted the correlation
and descriptive statistics. Further, the data has been splitted into
training set with 75% and testing set with 25% of the data. Then
the data has been analysed using Artificial Neural Network (ANN)
to predict the influence of digitalization in SCOR model to enhance
SCPOM. Then the predicted and actual values that were analysed
using ANN model were used to find the accuracy, sensitivity and
specificity using confusion matrix.
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Fig. 1. Process flow chart

3.1. Data Analysis

In order to perform data analysis, the Scientific Python
Development Environment version 5.1.5, known as Spyder, was
utilised. In order to clean the data, we had to first remove the
extreme values, then replace them with values that were more
typical, and finally replace the outliers with values that were more
typical. Those values that are outside of the range of the
interquartile range (Q1-1.5 IQR) and Q3 + 1.5 IQR are considered
outliers. Extremes that go beyond the range covered by the Q1-3
IQR and the Q3+3 IQR. Interquartile range (Q1-1.5 IQR or Q3 +
1.5 IQR) was used to change the values of any outliers that were
found nearby. Outliers and extremes were eliminated by the
utilisation of a function known as "Outliers." Standardization of all
continuous inputs was accomplished by first subtracting the mean
score, followed by division by the standard deviation (sd). The
ANN model that had the highest overall accuracy and AUC (area
under the ROC curve) was the one that was selected for further
study in order to determine the relationship between the proposed
SCOR model and the enhancement of SCPOM. After that, at the
division node, it was separated into two datasets: the Training set
(consisting of 75 percent) and the Testing set (25 percent ). Both
the training dataset and the testing dataset are utilised in order to
construct the model and identify trends.

When conventional methods are unsuccessful, artificial neural
networks are able to process nonlinear input-output interactions
(Golnaraghi et al., 2019). After training, the performance of the
ANN was evaluated with the help of a test dataset. It is utilised by
forecasting algorithms to determine features that separate a sample
population from others on a target variable up until the point where
it reaches one of the terminal nodes (Agresti, 2006).

The performance of the model was evaluated based on its accuracy,
sensitivity, specificity, and receiver operating characteristic (ROC)
(AUC). Itis given as a percentage, and sensitivity is a measurement
of how well the model detects the performance of SCPOM without
integrating the digitalization. The percentage of digitalization in
SCPOM that corresponds to an accurate identification in SCOR is
referred to as the specificity. The sensitivity and specificity of a
prediction or identification tool can be determined by the
estimation of the ROC curve. The area under the curve (AUC) can
range from 0 to 1, with 1 representing perfect discrimination and
0.5 representing chance (Hanley & McNeil, 1982). In order to test
the generalisation capabilities of the ANN model, a five-fold
random state-standard scale was utilised.

4. Results

4.1. Correlation Analysis

Source is positively correlated with produce with the significance
of 0.98, showing a strong relationship among source and produce.

Source is positively correlated with deliver with the significance
of 0.86, showing a strong relationship among source and deliver.
Source is positively correlated with return with the significance of
0.92, showing a strong relationship among source and return.
Source is positively correlated with digitalization with the
significance of 0.98, showing a strong relationship among source
and digitalization. Source is positively correlated with SCPOM
with the significance of 0.98, showing a strong relationship among
source and SCPOM. Produce is positively correlated with deliver
with the significance of 0.78, showing a strong relationship among
produce and deliver. Produce is positively correlated with return
with the significance of 0.88, showing a strong relationship among
produce and return. Produce is positively correlated with
digitalization with the significance of 0.94, showing a strong
relationship among produce and digitalization. Produce is
positively correlated with SCPOM with the significance of 0.94,
showing a strong relationship among produce and SCPOM.
Deliver is positively correlated with return with the significance of
0.97, showing a strong relationship among deliver and return.
Deliver is positively correlated with digitalization with the
significance of 0.93, showing a strong relationship among deliver
and digitalization. Deliver is positively correlated with SCPOM
with the significance of 0.92, showing a strong relationship among
deliver and SCPOM. Return is positively correlated with
digitalization with the significance of 0.97, showing a strong
relationship among return and digitalization. Return is positively
correlated with SCPOM with the significance of 0.97, showing a
strong relationship among return and SCPOM. Digitalization is
positively correlated with SCPOM with the significance of 0.97,

showing a strong relationship among digitalization and SCPOM.
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4.2. Artificial Neural Networks

A random method was used to divide all of the material into two
completely separate groups. The first set was analysed to
determine its suitability for application in the training process; it
comprised 75% of the total data. The testing was performed on the
second batch, which comprised twenty-five percent of the entire

data collection.

g
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Fig. 3. ANN topology to predict the impact of digitalization in the SCOR
model to enhance SCPOM
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At the end of the process of training, it is required to undertake an
examination of the ability of the ANN model to make accurate
predictions using additional data. This must be done before the
training phase can be considered complete. In order to stop the
model from getting too accurate and to monitor how well it is doing
while it is in the training phase, the validation set is used. This
allows for both of these goals to be accomplished. At long last, the
trained neural network is tested by making use of the test set in
order to see how well it performed.

MLP Regression ML model was created with tuned up

hyperparameters of 100 neurons in a hidden layer, adam weight-
optimized solver for large datasets, relu linear activation function,
and default epsilon value to maintain numerical stability [17]. Also
included in the model were adam weight-optimized solver for large
datasets, relu linear activation function, and default epsilon value.
The difference between actual and predicted values is shown in the
fig 4 and fig 5. After conducting training and testing on the ANN
model, the indices R2 for enhancing the SCPOM in training is
86.98 and in testing is 93.68 were presented in the fig 6 (a) and fig
6 (b).

Y- Test

MW s un

1 3 5 7 9 11131517192123252729313335373941434547 4951535557596163656769717375

===y test e=@==y pred_ann
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4.3. Confusion Matrix

The performance of a classifier can be evaluated using a confusion
matrix. The elements of the confusion matrix are used to determine
three important parameters, which are referred to as accuracy,
sensitivity, and specificity, respectively. In a classification
problem, determining the best boundary between classes helps
predict the data classes. The ideal boundary can be found by
comparing the accuracy, sensitivity, and specificity values. The
following expressions assess Accuracy, Sensitivity, and

y - test

R? = 0.9086 e

y-test predictions
NNNNNNNNN WEWWRELWW ARARAARLE

whkhbbbpubbwkhvbbabpubbabvwabpukbon
[

= ® y_pred_ann

e Linear [y_pred_ann)
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Fig. 6(b). R?test plot

Specificity in light of the confusion matrix:

TP + TN

Accuracy ANN = ———+———— 1)
TP +FP +FN+TN
L _ TP
Sensitivity_ANN = —— )
e _ TN
Specificity_ANN = ——— 3

where,
TP = True positives
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TN = True negatives
FP = False positives
FN = False negatives
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Fig. 7. Confusion Matrix

Confusion matrix shows values that have been correctly classified
as True Positives (TP), as well as values that are in the relevant
class when they should be in another class, as well as False
Negatives (FN) values that are in a different class when they should
be in the relevant class. Accuracy, sensitivity, and specificity are
the three most commonly used performance metrics for
classification based on these values. The confusion matrix yielded
98 percent, 94.5 percent, and 98.2 percent of the values used to
calculate these performance metrics.

Relative Standard Deviation:
The relative standard deviation (RSDe) is the absolute value of the
coefficient of variation.

sd= |—— 3" (-7 @)
RSDe = % (5)
where,

sd = standard deviation

RSDe = relative standard deviation
Y1, ..., YN = sample data set

¥ = mean value of sample data set
M = size of sample data set

The previous R2 value of SCOR model with supply chain
performance is found to be 79% extracted from [7]. The RSD for
training set and previous R2 value is 6.80%, and RSD for testing
set and previous r2 value is 12.02%, which shows that
digitalization has positive influence on SCPOM.

5. Conclusion:

This study is aimed to find the influence of digitalization to the
SCOR model to enhance supply chain performance in online
merchandising (SCPOM). We have used a machine learning
approach called artificial neural network (ANN) and identified the
R2 value of 86.98% in training and 93.68% in testing. Whereas,
[7] has found that the R2 value of SCOR model with supply chain
performance is 79%. The relative deviation for training and testing

is 6.80% and 12.02% respectively. Further we have used the
predicted values to find the accuracy, sensitivity and specificity as
98%, 94.5%, 98.2% respectively using confusion matrix. Thus, the
ANN model developed integrating digitalization to the SCOR
model enhances SCPOM.
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