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Abstract

In the last few years, blockchain technology, or BCT, has gained much traction. Small and medium-sized businesses
(SMESs) struggle more than their larger counterparts when it comes to technological adaptation because they lack the
technology infrastructure required to implement blockchain technologies. The major contribution of this paper is to
predict the impact of blockchain technology implementation on the performance of SMEs. A multiple-output regres-
sion model is utilized in this research to predict the impact of BCT on SMEs’ performance. The cost of implementing
and maintaining blockchain technology, IT project management, compatibility, benefit over other available techno-
logical options, and trialability are the independent variables that were considered in the analysis. Software revision,
sophistication level, innovation complexity, and observability are the dependent variables. Researchers and industry
professionals can use the study to comprehend how implementing blockchain technology affects SMEs.
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1. Introduction

Small and medium-sized businesses are thought
to form the foundation of the Indian economy. The
world is witnessing a huge digital revolution as we en-
ter Industry 4.0 and the age of digital transformation.
As a result, organizations need to evolve their techno-
logical infrastructure to survive in the industry (Salim
et al., 2022). The various technologies that can bring
technological innovation to SMEs include Al, ma-
chine learning, blockchain technology, and IoT. Alt-
hough SMEs are not organizationally ready to adapt to
all these modern technologies, adopting this technol-
ogy will enhance their productivity, performance, and
security. This research work focuses on the impact of
BCT on SME performance.

Blockchain is defined as “a distributed database,
which is shared among and agreed upon as a peer-to-
peer network. It consists of a linked sequence of
blocks (a storage unit of the transaction), holding
timestamped transactions that are secured by public-
key cryptography (i.e., “hash) and verified by the net-
work community. Once an element is appended to the
Blockchain, it cannot be altered, turning a Blockchain
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into an immutable record of past activity” (Seebacher
& Schuritz, 2017).

Previous research works in this area analyze the
impact of BCT on risk management, considering the
advantages of BCT, including transparency, security,
and traceability (Chowdhury et al., 2022). However,
identifying the impact of a technology is also very im-
portant to decide whether or not the organization has
to go ahead with the new technology. This research
work tries to identify the impact of BCT on SME per-
formance. This paper works around the assumption
that the implementation of BCT technology improves
SME performance. This can be proved by predicting
the efficiency of the SME after BCT implementation.
The first step in this case is to identify a model that
gives an accurate prediction of SME’s performance
before and after BCT implementation, which can help
the users to make a decision based on the results.
Hence, the two research objectives of the study are for-
mulated as below

R1: Identifying the best model to predict SME
performance after implementation of BCT technology.

R2: Predicting the impact of BCT technology on
SME performance.
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While finding solutions to these two research ob-
jectives, this paper makes a major contribution to both
technologists and SME leaders. None of the existing
research works predicts the impact of multiple input
variables on multiple output variables. However, cur-
rent research work aids the researchers in utilizing a
multi-output regression model when there are multiple
input and multiple output variables. Another contribu-
tion of this research work is for SME leaders. SME
leaders are clueless about the benefits of implementing
BCT in their company. Through a simulation study,
this research work elucidates that SME improves effi-
ciency in various factors through BCT implementation.
This identification will help the SME leaders to make
a decision on whether or not to go ahead with the im-
plementation of BCT.

The remainder of the document is structured as
follows: Section 2 details the background of the study.
Section 3 includes the methodology used for the anal-
ysis as well as the results obtained from the analysis.
Section 4 presents limitations of the study and Section
5 concludes the main findings obtained from this study.

2. Background

Even though blockchain technology (BCT) offers
numerous benefits, like anonymity, immutability,
transparency, and quick transactions (Abubakar & Al-
you, 2021), it's critical to comprehend how the adop-
tion of BCT will affect different businesses. A number
of frameworks, including the Technology Acceptance
Model (TAM) and the Technology-Organization-En-
vironment (TOE) framework, were used to examine
the effects of BCT adoption in SMEs (Kamble et al.,
2022). The biggest driving variables for blockchain
adoption are partner preparedness, perceived useful-
ness, perceived ease of use, and competitive pressure,
which are important variables that must be considered.
It is very important to analyze the individual’s intent
to adopt the blockchain rather than an organizational
perspective (Kamble et al., 2022). Challenges of BCT
adoption in the supply chain have been examined by
Queiroz and Wamba (2019). The impact of Blockchain
Technology (BCT) on variables such as supply chain
stakeholders' trust, social influence, performance ex-
pectancy, effort expectancy, and facilitating conditions
was examined. They employed partial least squares
structural equation modeling (PLS-SEM) and the Uni-
fied Theory of Acceptance and Use of Technology
(UTAUT) to detect the impact of BCT. This study
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shows that adoption behavior varies in different coun-
tries Queiroz and Wamba (2019).

To test acceptance in terms of behavioral inten-
tion to use, two forms of information processing com-
petency (private and public blockchain-based cooper-
ation) are used (Giri & Manohar, 2021). Barriers to
adopting blockchain technology in SMEs have been
analyzed by Kaur et al. (2022). This study emphasizes
the role of Government officials to concentrate on
building infrastructure throughout the nation's various
regions to support hosting blockchain systems. Such a
homegrown blockchain platform can speed up and
lower the cost of blockchain adoption for SMEs (Kaur
et al., 2022). Another important factor that has to be
considered for BCT adoption by SMEs is building the
confidence of SMEs and making them aware of the
positive impacts of BCT technology in their organiza-
tion (Kaur et al., 2022).

Studies on the impact of BCT to improve the
quality of accounting information, to help investors
better understand the company was conducted by re-
searchers such as Wu and Jin (2022). Several studies
on the impact of BCT technology on various sectors,
such as the maritime supply chain (Nasih et al., 2019),
business models (Morkunas et al., 2019), and business
interactions (de Oliveira et al., 2021).

Various methodologies such as additive symbi-
otic networks by Ferreira et al. (2023) are used to un-
derstand the impact of BCT technology. Content anal-
ysis was used by de Oliveira et al. (2021) and case
study analysis was utilized by Stranieri et al. (2021).
None of the methodologies in the literature make use
of machine learning methods to identify the impact of
BCT on various industries.

All these existing works in the literature do not
utilize machine learning approaches to predict the im-
pact of BCT in SMEs. This research utilizes a machine
learning-based approach to identify the impact of BCT
implementation on SMEs. The next section identifies
the important variables to determine the impact of
BCT implementation on SMEs and applies a machine
learning model to predict the impact of BCT on SMEs’
performance.

3. Methodology

In order to understand the impact of BCT on SME
performance various factors that affect SME perfor-
mance have to be analyzed first. These variables are
identified by using various grounded theories such as
the sense-making theory (Savolainen, 1993),
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Organizational information processing theory, and Re-
source Based View (RBV) (Savolainen, 1993). Organ-
izational information processing theory (Koh, 2016)
believes that "the greater the uncertainty of the task,
the greater the amount of information that must be pro-
cessed between decision makers during the execution
of the task to get a given level of performance". Diffu-
sion of Innovation (Yu et al., 2021) helps to pinpoint
the aspects of innovation that affect acceptance.

Based on the above-mentioned theories, this re-
search identified the important variables for this study,
which are listed in Table 1.

Table 1. Variables influence the BCT adoption in SMEs
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S1. No. Variables Notation
Cost of BCT implementation Vi
1 Software Revision of BCT V2
Maintenance cost of BCT V3
) Level of sophistication of IT usage V4
IT Project Management V35
Innovation Complexity V6
Organization Compatibility V7
3 Benefits among other technologies V8
Observability V9
Trialability V10

Using these variables, a machine learning model
has been developed in this research work to forecast
the impact of BCT on SME’s performance.

3.1 Multi-output regression model

Prediction of two or more numerical variables is
the goal of multi-output regression. This model was
developed to address the gap where the multivariate
regression approach is preferred over separate univari-
ate predictions (Rogers, 2010; Schmid, et al., 2023).
The method used in this research includes a simulation
study with different weights for the blockchain tech-
nology variables.

The model used for this model is given in Figure 1.

Predicted
BCT variables Multi output values of
with different wap{ regression ™ SME effi-
weights model ciency varia-
bles

Fig 1. Structure of multi-output regression model

Three different types of algorithms are used to
develop a multi-output regression model.

In this research, a multi-output regression model
is developed, which takes different BCT variables as

input and identifies the impact of those variables on
SME’s efficiency. The parameters to represent the
SME’s efficiency are selected as the output variables.
Based on the literature we found that the Implementa-
tion cost of blockchain technology, the Maintenance
cost of blockchain technology, IT Project Management,
Compatibility with the organization, Benefit com-
pared to other existing technological choices, and
trialability are the input variables for the multi-output
regression model. From the literature, we have identi-
fied the amount spent on Software Revision of BCT,
the Level of sophistication of IT usage by the employ-
ees and customers, the Complexity of the innovation,
and the Observability that determines the efficiency of
SMEs after BCT implementation. Current research
work uses a hypothetical situation of a company that
implements BCT. In order to represent the hypothet-
ical company, an input dataset is generated using sim-
ulation. A thousand samples are generated using sim-
ulation, which is utilized for the current analysis. In
order to identify the best model that predicts the im-
pact of BCT implementation on SME’s efficiency,
three different types of machine learning models are
utilized. The first model presents a linear regression
model with multiple outputs, the second one presents
a KNN regressor model, and the last one presents a
decision tree model. All these three models predict the
impact of SME’s efficiency after BCT implementation.
A comparative analysis of the three models determines
the one that has higher accuracy during prediction.

3.1.1 Simulation

Case A: Multi-output Linear Regression Model
Step 1: Create datasets

Step 2: X, y = make regression (n_sam-
ples=1000, n_features=6, n_informative=5,
n_targets=4, random_state=1, noise=0.5)

Step 3: Define model Linear Regression ()

Step 4: Fit the regression model using model.fit(X, y)
function

Step 5: Make a prediction when all the selected varia-
ble inputs are zero

Step 6: Summarize prediction using regression
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Step 7: Obtain the output for the selected output vari-
ables

Step 8: Evaluation of the model using cross-valida-
tion

Step 9: Generation of Mean absolute error to get the
accuracy of the model

Case B: Multi-output Knn Regression
Model

Step 1: Create datasets

Step 2: X, y = make regression (n_sam-
ples=1000, n_features=6, n_informative=5,
n_targets=4, random_state=1, noise=0.5)

Step 3: Define model KnnRegression()

Step 4: Fit the regression model using model.fit(X, y)
function

Step 5: Make a prediction when all the selected varia-
ble inputs are zero

Step 6: Summarize prediction using regression

Step 7: Obtain the output for the selected output vari-
ables

Step 8: Evaluation of the model using cross-valida-
tion

Step 9: Generation of Mean absolute error to get the
accuracy of the model

Case C: Multi-output Decision Tree Re-
gression Model

Step 1: Create datasets
Step 2: X, y = make regression(n_sam-
ples=1000, n_features=6, n_informative=5,

n_targets=4, random_state=1, noise=0.5)

Step 3: Define model Decision_TreeRegression ()
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Step 4: Fit the regression model using the
model.fit(X, y) function

Step 5: Make a prediction when all the selected varia-
ble inputs are zero

Step 6: Summarize prediction using regression

Step 7: Obtain the output for the selected output vari-
ables

Step 8: Evaluation of the model using cross-valida-

tion

Step 9: Generation of Mean absolute error to get the
accuracy of the model

After implementing three different types of
multi-output regression models, cross-validation has
been done to identify the best model for predicting
SME performance. SME performance is measured by
predicting the values of variables such as Software Re-
vision of blockchain technology which represents how
much is assistance obtained from BCT variables for
software revision, how much the improvement in the
Level of sophistication of IT usage, how better the
complexity of the innovation factor improves with im-
plementation of BCT and how much improvement
BCT creates in the observability of SME.

3.2 Results and Discussion

Initially, all the input BCT variables are set to
zero to understand how much the performance of
SMEs without the implementation of BCT is given as
Case A: Scenario 1.

Case A: Multi-output linear regression
output

Scenario I: SME performance before implementa-
tion of BCT variables:
[ 0.00679014 0.00967136 -0.00181127 -0.00393957]

Later the same algorithm can be implemented by set-
ting up the weights of BCT variables as one. This rep-
resents a scenario in which the BCT algorithm is im-
plemented in the SME, and we can identify the SME
output variable performance that can be calculated.
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Case A: Multi-output linear regression
output

Scenario 2: SME performance after implementation
of BCT variables:

[188.8041768 269.25581906 196.06294426
340.31991746]

MAE: 0.395 (0.010)

Similarly, SME’s performance is predicted using
Multi-output Knn regression in Case B. Scenario 1
presents SME’s efficiency before BCT implementa-
tion, and scenario 2 presents SME’s efficiency after
BCT implementation.

Case B: Multi-output Knn regression out-
put

Scenario 1: SME performance before implementa-
tion of BCT variables:

[-21.65768054 -14.59638324 -5.78102635 -
10.62669042]

Scenario 2: SME performance after implementation
of BCT variables:

[167.81018346
262.07654543]

MAE: 28.537 (2.179)

199.85623374 136.88660717

Same scenarios are replicated using Multi-output De-
cision Tree regression which is given in Case C.

Case C: Multi-output Decision Tree re-
gression output

Scenario 1: SME performance before implementa-
tion of BCT variables:
[ 7.63187532 -4.92012703 -9.25101485 -9.2697882]

Scenario 2: SME performance after implementation
of BCT variables:

[75.28231803
206.19706852]

MAE: 53.369 (3.364)

128.24568503 107.82181375

With the aim of selecting the best methodology
for prediction, a comparative study of outputs of multi-
regression output models has been performed through
a simulation study. Results obtained from the study re-
vealed that multi-output linear regression has higher
performance compared to the other models. This can
be identified by checking the three models' Mean Ab-
solute Error (MAE). From the outputs, it is clear that
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the multi-output regression model implemented using
linear regression has a higher performance compared
to Knn regressor or the decision tree model.

In scenario 1, where BCT is not implemented in
the SME, output variables, which show the perfor-
mance of SME, are very low compared to scenario 2,
in which the output variables are measured after im-
plementing the BCT. Predicting the output variables
helps the SME to understand their performance im-
provement while implementing BCT. Thus, the hy-
pothesis that implementation of BCT improves the
performance of the SME is well established through
this simulation study.

Modern technologies like machine learning, Al,
IoT, and BCT improve the performance of various in-
dustries. Various studies exist about the barriers and
enablers of all these technologies. Many researchers
use models to understand how BCT affects different
industries, including the Technology Acceptance
Model (TAM), Technology-Organization-Environ-
ment (TOE), and Unified Theory of Acceptance and
Use of Technology (UTAUT). However, a forecasting
model is very important in predicting the impact of
BCT implementation on SMEs. Therefore, studies re-
lated to predicting the performance of SMEs after and
before BCT technology is very important. This re-
search work tries to predict the impact of BCT in
SMEs. Three different models have been utilized to
predict SME’s efficiency. A detailed explanation re-
garding the implementation of these three models
given in section 3.2 helps future researchers to select
the best model to predict the output variables in their
study. SME leaders can benefit from this study by
identifying the improvement in each output variable
after BCT implementation.

4. Limitations of the study

A major limitation of this research work is the
fact that this research doesn’t collect real-life datasets
from an SME. Instead, a simulation study based on the
hypothetical situation is implemented in this research
paper. Hence, in the future, the same set of variables
can be collected from an SME through an empirical
study, which brings more clarity to the procedure. Pre
and Post analysis (before and after implementation of
BCT) can be conducted in a real-life situation.
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5. Conclusion

Due to the lack of technological infrastructure,
many SMEs struggle to implement BCT technology.
Many of the factors, like perceived ease of use and
usefulness, came into the picture while analyzing the
probability of implementing BCT. The implementa-
tion cost of BCT, the maintenance cost of BCT, IT pro-
ject management, compatibility, the benefit compared
among other technologies, and trialability with the or-
ganization are considered as the input variables for this
study. Their impact on the dependent variables’ soft-
ware revision, level of sophistication, complexity of
innovation, and observability are analyzed using a
multi-output regression model. Results show that BCT
implementation increases the efficiency of SMEs with
respect to all these dependent variables. Therefore, im-
plementing BCT in SMEs is recommended for better
efficiency.
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