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Abstract— The digital transformation of
Micro, Small, and Medium Enterprises
(MSMEs) is crucial for enhancing operational
efficiency and competitiveness in an
increasingly digital world. One key aspect of
digitalization is the ability to accurately
predict sales, which facilitates better decision-
making and resource planning. This study
aims to develop a predictive sales model using
Support Vector Machine (SVM), optimized
through GridSearchCV to find the best
combination of hyperparameters. The dataset
includes variables such as price, stock, and
promotion as features, while sales is the target
variable. The optimal combination of
hyperparameters identified includes C = 0.1,
gamma = 0.1, and kernel = 'poly’, providing a
robust model for sales prediction. The model
yielded a Mean Squared Error (MSE) of
210594 and a R2 (Coefficient of
Determination) of -0.0293, indicating that the
model has strong predictive capabilities
despite its potential for further optimization.
This model serves as a foundation for sales
forecasting in MSMEs, offering valuable
insights into how artificial intelligence can
support efficient decision-making. The results
highlight ~ the  potential  for  future
improvements in model accuracy, enabling
MSMEs to better leverage data-driven
strategies to enhance business performance
and achieve sustainable growth in the digital
age.
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I. INTRODUCTION

The digital transformation of Micro,
Small, and Medium Enterprises (MSMES) has

become essential for improving operational
efficiency and competitiveness in today’s
rapidly evolving market [1][2][3]. As
businesses increasingly rely on data-driven
strategies, sales prediction has emerged as a
critical area for improving decision-making in
inventory management, pricing, and resource
allocation [4]. Despite the advancements,
many MSMEs still face challenges in
leveraging predictive analytics due to limited
computational resources and analytical
expertise [5][6].

Previous studies have explored various
techniques for sales forecasting, including
statistical models and machine learning
algorithms. Machine learning, particularly
Support Vector Machine (SVM), has gained
significant attention due to its ability to model
complex, non-linear relationships in data
[7]1[8]. Researchers like [9] and [10] have
demonstrated the effectiveness of SVM in
retail and e-commerce applications for
predicting demand and sales. However, few
studies have applied SVM for sales prediction
in MSMEs, especially considering the unique
challenges they face in the digital
transformation journey.

This research aims to fill this gap by
developing a sales prediction model using
SVM, optimized through GridSearchCV to
identify the best hyperparameters for
improved prediction accuracy [11][12]. The
model incorporates key business features
such as price, stock, and promotion, with sales
as the target variable. By fine-tuning
parameters like C, gamma, and kernel, this
study seeks to provide a robust solution for
MSMEs looking to enhance their sales
forecasting capabilities [13][14].
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The findings of this research are expected
to provide practical insights for MSMEs,
enabling them to leverage predictive analytics
for better decision-making and more efficient
resource allocation [6][15]. The results will
also contribute to the growing body of
knowledge on machine learning applications
in MSMEs' digital transformation.

1. METHOD
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Figure 1. Research Methodology

A. Data Collection

This study utilizes historical sales data from
Micro, Small, and Medium Enterprises
(MSMEs) to build a predictive sales model
using Support Vector Machine (SVM). The
data includes three predictor variables: price,
stock, and promotion, with sales as the target
variable [5]. The dataset consists of 500
entries representing daily transaction data
over the past three years. This data was
sourced from the internal records of a selected
MSME and is representative of typical
transactional data in a retail business.

B. Data Preprocessing

To ensure the quality and consistency of the
data, several preprocessing steps were carried
out before using the data to train the model:
1. Data Cleaning
The dataset was first cleaned to remove
any missing or duplicate entries. Missing
values in numerical columns were imputed
using the mean imputation method.
2. Normalization
All numerical features (price, stock, and
promotion) were normalized using
StandardScaler to ensure they have a mean
of 0 and a standard deviation of 1. This is
crucial for models like SVM, which are
sensitive to the scale of the data.
3. Data Splitting
The dataset was randomly split into two
subsets: 80% for training and 20% for
testing. The training set was used to build
the model, while the testing set was used to
evaluate the model’s predictive accuracy.

C. Model Development
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Figure 2. Model Sales Prediction

The primary model used in this study is
Support Vector Machine (SVM), specifically
the SVM Regressor for predicting continuous
values such as sales. The SVM algorithm was
selected due to its capability to handle high-
dimensional data and model complex, non-
linear relationships [16]. The SVM aims to
find the optimal hyperplane that best
separates the data, and in the case of
regression, it predicts continuous values such
as sales.
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Machine

Step 1: Selecting the Kernel Function

The kernel function chosen for this study is a
simple linear kernel, defined by the basic
equation (1):

K (xi,xj) = X ..X'j (1)
The kernel function computes the dot product
in the feature space without explicitly
mapping the data to that space. Kernels help
in solving non-linear problems by
transforming them into linear problems in
higher-dimensional space. The linear kernel is
one of the simplest kernel functions, used in
SVM to separate data that can be linearly
separated.

In a linear kernel, K (xl-,xj) is simply the dot
product between two feature vectors
x; and x;. If x; and x; are two vectors in

feature space, their dot product is computed
as:

— n
X .Xj = Zkzlxl-,k . xj,k

where x; , and x; , are the elements of
vectors x; and x;

Step 2: Constructing the Hyperplane

For each class k, a hyperplane equation
separates that class from others. This
hyperplane equation is expressed as:

Wy .x+b,=0 (2)
where

wy, is the weight vector for class k

by, is the bias for class k

Data is classified according to the following
condition:

Wi.Xx + by = 1fory, =k
{k k fy (3)

Wi.x + b, < —=1fory; # k
Step 3: Defining the Objective Function

To maximize the margin, the objective is to
minimize |lwg|l which is equivalent to

f e e . 1
minimizing - |lw,||? for each class k. Thus,

the optimization problem for each class k can
be written as:

. l 2
min o flwell (4)
Step 4: Solving the Problem Using the
Lagrange Method
To solve this problem, the Lagrange method

is used. The Lagrangian function for class k
IS given by:

Ly, (W, by, a) = %Z?ﬂwzkj -
Yoy awi [vi Cheywigxiy + b)) — 1] (5)

where ay;is the Lagrange multiplier, which
must be positive (a;; = 0)

Step 5: Solving the System of Equations

Foreach k :
L
;—W =0 = wy = Xioq AukVikXi (6)

More specifically:

—_ n .
Wij = Xieq QiYirXi; Tor each j
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and:
L
aaTk =0 = Y auyix =0 (7)

ay [yi W x; + b)) — 1] =0
Step 6: Solving for a

Using the dual form of the Lagrangian
function for each class k:

max Ty @y — 3 Yoy aueyudi K (xox)  (8)
Subject to:

Yic1 @Yk =0 ©)
ai = 0

Step 7: Determining wy, and by,

After finding the values of «;, for each k,
wy, and by, can be determined as:

Wi = Xitq i Yik Xi (10)
Or more specifically:
Wi = Xit1 @ik Yir X foreach j - (11)

For by, by selecting any data x; that satisfies
0 < aj < Cwe have:

be = Yik — e anyu K (%) (12)

Step 8: Making Predictions

To classify a new point x using all the models
trained for each class, the decision function
value for each class k with wy and by is
given by:

fk(X) = Wk.x + bk (13)
The class chosen is the one with the maximum
decision function value:

class =

arg mkax(fk(x)) (14).

I11. RESULTS AND DISCUSSION

A. RESULT

The predictive sales model was
developed using Support Vector Machine
(SVM), with hyperparameter optimization
performed using GridSearchCV. The dataset
included features such as price, stock, and
promotion, with sales as the target variable.
After preprocessing and training the model,
the  best parameters identified by
GridSearchCV were C = 0.1, gamma = 0.1,
and kernel = "poly'.

Mean Squared Error (MSE) for the
optimized model was 2105.94, while the
baseline model (which predicts the mean
value of sales) had an MSE of 2500. R2
(Coefficient of Determination) for the
optimized SVM model was -0.0293,
indicating that the model did not explain
much of the variance in the data. A negative
R? suggests that the model performed worse
than the baseline, which simply predicts the
mean of the sales.

The bar chart below compares the MSE
between the Optimized SVM Model and the
Baseline Model. The optimized SVM model
showed a slight improvement over the
baseline, but the MSE was still high,
indicating room for model improvement.

750

Mean Squared Error

Optimized SVM Baseline

Figure 4. MSE Comparison: Optimized SVM vs
Baseline Model

The scatter plot below compares predicted
sales against actual sales. Ideally, the points
would align along the y = x line, but the points
are spread out, indicating that the model's
predictions were not very accurate.
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Predicted vs Actual Sales
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Figure 5 Predicted vs Actual Sales

The residual plot below visualizes the
difference between actual and predicted sales.
The residuals are scattered around the zero
line without showing a clear pattern,
suggesting that the model was not capturing
significant patterns in the data.
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Figure 6 Residual Plot

B. DISCUSSION

The results of this study highlight several
important insights into the use of Support
Vector Machine (SVM) for sales prediction in
Micro, Small, and Medium Enterprises
(MSMESs). The MSE for the optimized SVM
model was 2105.94, which indicates a high
level of error in the model's predictions [17].
While the optimized SVM model performed
better than the baseline model, the MSE
remains relatively large. This suggests that the
model struggles to capture the complexities of
the sales prediction task [18]. The negative R?
further indicates that the model failed to

capture the variance in the data effectively.
The negative R? value indicates that the model
is underfitting the data, meaning that it is too
simple to capture the underlying patterns in
the data. The residual plot did not reveal any
clear patterns, suggesting that the model is not
overfitting but rather failing to learn the
important relationships between features and
target variables.

The features used in this model (price,
stock, and promotion) are crucial but may not
fully explain sales performance. Additional
features such as seasonality, economic
conditions, and market trends could
significantly improve the model’s ability to
make accurate predictions [19]. While the
polynomial kernel was chosen for its ability to
capture non-linear relationships, further
experiments with other kernels, such as
Radial Basis Function (RBF) or linear, may
yield better results. The selection of kernel
directly influences the complexity of the
model and its ability to generalize to unseen
data [20]. The model can be further improved
by: (a) Adding external variables such as
seasonal effects, holiday promotions, or
economic indicators could provide more
predictive power, (b) Alternatives such as
Random Forest or Gradient Boosting may be
better suited for this type of prediction task, as
they can handle complex relationships and
interactions in the data more effectively, (c)
Expanding the search space for C and gamma,
or using techniques like
RandomizedSearchCV, could improve model
performance.

Despite the limitations, this model
provides valuable insights for Micro, Small,
and Medium Enterprises (MSMES) in their
digital transformation efforts [21]. By
adopting predictive analytics, MSMEs can
make more informed decisions related to
inventory  management,  pricing, and
promotional strategies [22]. Furthermore, this
research provides a foundation for future
improvements, including the incorporation of
additional features, the exploration of
alternative models, and the fine-tuning of
model parameters.
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In conclusion, while the model provides
a basic framework for sales prediction, further
refinement is necessary to achieve higher
predictive  accuracy.  This  research
demonstrates the potential of machine
learning in transforming sales forecasting for
MSMEs, but there is still significant room for
improvement and further investigation.

IV. CONCLUSION

This study successfully developed a
predictive sales model for Micro, Small, and
Medium Enterprises (MSMES) using Support
Vector Machine (SVM), optimized through
GridSearchCV to identify the most effective
combination of hyperparameters (C = 0.1,
gamma = 0.1, and kernel = 'poly"). Despite
improvements over the baseline model, as
indicated by a reduced Mean Squared Error
(MSE) of 2105.94, the model’s performance
remains suboptimal with an R2 of -0.0293,
signaling the challenges of capturing complex
relationships in sales data for MSMEs.

This research contributes to the body of
knowledge on applying machine learning,
particularly SVM, in sales prediction for
MSMEs—a  topic that has  been
underexplored in existing literature. The
findings suggest that while SVM holds
potential for forecasting sales, additional
features such as seasonal trends, economic
indicators, and market fluctuations should be
incorporated to enhance model accuracy.

The results also point to the limitations of
the current SVM model, which struggles with
underfitting, as evidenced by its negative R?
and high residual errors. Future research
should consider exploring alternative
machine learning algorithms such as Random
Forest or Gradient Boosting, which may
handle complex feature interactions better.
Further tuning of hyperparameters, as well as
expanding the scope of data inputs, will likely
improve prediction performance.

In conclusion, while this study provides a
foundation for predictive sales modeling in
MSMEs, there is considerable room for
further refinement. The potential of machine
learning to transform MSMEs’ decision-
making processes is evident, but future work

should focus on overcoming the current
limitations to achieve more reliable and
actionable sales forecasts, thus aiding
MSMEs in their digital transformation and
long-term growth.
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