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Abstract. One of the most significant operations in the finance sector is stock trading. The stock 
market is an essential part in the economy of a country and serves as the indicators of the situation 
of a country’s economy as the stock prices go up or down. Therefore, stock price prediction, the 
behavior of attempting to predict the potential worth of a corporation or any financial instruments 
successfully, will maximize investor’s gain, enhance market’s confidence, and help government 
policymakers to make economic decisions. In order to forecast the price of a stock, a machine 
learning approach is constructed in this study. The suggested algorithm includes random forest, 
support vector machine (SVM), and least square support vector machine (LS-SVM). In particular, 
the random forest is employed to select the most important features from the technical indicators 
calculated for stock price prediction. The SVM and the LS-SVM models are employed to predict the 
daily stock prices. Besides, R-Squared (R²), mean squared error (MSE) and mean absolute error 
(MAE) are used for model evaluation. According to the results, both SVM and LS-SVM models can 
predict stock price well, but both algorithms are not suitable for large datasets, and overfitting 
problem exists. These results shed light on guiding further exploration of stock price predictions. 

Keywords: Stock Price Prediction; Support Vector Machine; Least Square Support Vector Machine; 
Technical Indicators; Machine Learning. 

1. Introduction 

For a long time, stock price forecasting has been in the spotlight. In 1602, the Dutch East India 
Company became the first joint stock company. In 1606, it offered shares to public investors. Since 
then, people invest in stocks for potential return. However, forecasting the stock market accurately is 
a difficult task, mostly as a result of a stock time series' behavior that resembles a random walk [1]. 
Moreover, due to the underlying structure of the financial sector and in part owing to the combination 
of known criteria and unknown factors, stock prices are thought to be highly dynamic and subject to 
sudden adjustments [2]. Mainly, there are two types of methods to analyze stock performance before 
investors investing in a stock, i.e., fundamental analysis and technical analysis [3].  

The main idea behind the fundamental analysis is to evaluate the intrinsic value of any financial 
instrument by analyzing macroeconomic factors (Gross Domestic Product, economic growth rate etc.) 
and microeconomic factors (company’s profit, demand of capital etc.), as well as compare the stock’s 
value to its intrinsic value to determine whether the stock is overpriced or underpriced. Fundamental 
analysis assumes efficient market hypothesis holds, and the value of all financial instruments will 
eventually equal to its intrinsic value. On the other hand, technical analysis is the study of overall 
market sentiment as it manifests in asset purchases and sales. It is predicated on the notion that supply 
and demand interact to set pricing. Price and volume reflect the collective behavior of buyers and 
sellers. Investors using technical analysis believe the patterns and trends tend to repeat and can be 
identified and used for forecasting prices. Different from fundamental analysis, technical analysis 
makes the assumption that the efficient markets hypothesis is false and that both rational and irrational 
investor behavior are reflected in market prices. This assumption is more realistic since not all 
investors are rational when they making investment decisions. Therefore, this paper focuses on 
technical indicators instead of fundamental indicators. 

With the development of technology, the importance of machine learning in stock market 
forecasting is rising. Artificial Neural Networks (ANN) is the most popular technique used in stock 
price prediction. However, since there are so many parameters to adjust and the user has no prior 
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knowledge regarding the importance of the inputs in the investigated situation, it has an overfitting 
problem [4]. In addition, SVM model is one of the most useful algorithms for data classification [5], 
regression [6], and prediction [7], which avoids such limitations suffered from ANN models [8]. The 
success of using SVM to predict stock prices is supported by the strong theoretical underpinnings 
based on VC-theory [9]. The least-squares support vector machine (LS-SVM) model is the least-
squares version of the support vector machine (SVM) model, which is a collection of related 
supervised learning techniques used for both classification and regression analysis. The user does not 
need to know in advance how the free parameter values will affect the problem being examined in 
the LS-SVM model [10]. 

In this paper, both SVM and LS-SVM models are selected to forecast Walmart future stock close 
price based on technical indicators and previous close price. Random forest algorithm is employed to 
determine the feature importance. Besides, Grid Search Cross Validation technique is employed for 
hyperparameter tuning to find out the optimal parameters (sigma, epsilon etc.) for both SVM and LS-
SVM models. Finally, using MES, MAE and R² score for model evaluation. The aim of this paper is 
to compare the performance and efficiency of SVM and LS-SVM models in a single company’s stock 
price prediction, and to determine the best conditions for improving the predicted result when using 
the both models. The remaining parts of the essay is set up as follows. The Sec. 2 will present the 
support vector machine, least-squares support vector machine algorithms, and the data used for 
Walmart’s stock price predictions. The results, model evaluations, empirical analysis, and limitations 
are discussed in Sec. 3. Eventually, Sec. 4 provides a brief summary. 

2. Methodology 

In this paper, the task of stock price prediction of Walmart is mainly carried out by the Support 
Vector Machine (SVM) and Least-Squares Support Vector Machine (LS-SVM). The flow chart in 
Fig. 1 shows the process of this project. 

 
Fig. 1 Flow Chart for Process of Stock Prediction. 

2.1 Support Vector Machine 

The classification and regression analysis tasks of the support vector machines, which are 
supervised learning models with accompanying learning algorithms, both need data analysis. This 
paper will use support vector regression (SVR) for stock price prediction. The main idea behinds 
SVR is to find the best line that is the hyperplane and has the maximum number of points. SVR aims 
to maximize the margin while minimizing error by modifying the hyperplane. 

Since the goal of SVR is to find the best line in the hyperplane, the SVR involves in plotting of 
datapoints in the n-dimensional space. These dimensions are attributes that are plotted on particular 
coordinates. It draws a boundary over the datasets that separates the data into different classes as 
shown in Fig. 2. 

Given a dataset in n dimension {(x1, y1), (x2, y2),…, (xi, yi),…,t(xn, yn) | xi ∈ Rn, y ∈ R, i = 1,2,…,n}, 
the following is the output space to input space regression function: f(x) = ω ꞏ Φ(x) + α, x ∈ Rn, α ∈ 
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R, ω and α are weight and threshold, respectively. Finding the function of f(x) that makes the 
difference between the true and the predicted values is less than or equal to a specified error term e is 
the objective of SVR. Afterwards, the issue is changed into a conditional restricted optimization 
problem and can be stated as follows: 

𝑚𝑖𝑛
1
2

‖𝜔‖ଶ ൅ 𝐶 ⋅ ෍ሺ𝜉௜ ൅ 𝜉௜
∗ሻ

௡

௜ୀଵ

 s.t. ൜
𝑦 െ 𝑓ሺ𝑥௜ሻ ൑ 𝜀 ൅ 𝜉௜, 𝜉௜ ൒ 0
𝑦 െ 𝑓ሺ𝑥௜ሻ ൒ 𝜀 ൅ 𝜉௜

∗, 𝜉௜
∗ ൒ 0

  ሺ1ሻ 

where the penalty parameter C denotes the accuracy of the sample fitting and the complexity of the 
SVR model. The insensitive loss coefficient is the parameter ε; the slack variables are only significant 
for outliers. The pairwise issue with the aforementioned equation can be represented as follows: 
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In order to achieve the dimensionality reduction effect, the function of kernel K(xi, yi) is used to make 
the input space of low dimension equal to the inner product of the space of high dimension. To be 
specific, there are three kinds of kernel function: polynomial, linear, and Gaussian kernel functions. 
Three kernel functions are listed in Table. 1. In this work, linear kernel is used for SVR based on the 
best parameters selected by Grid Search Cross Validation technique. 

 
Fig. 2 SVM Decision Making Boundary [11]. 

 
Table 1. Three Kernel functions for SVM. 
Kernel Name Kernel Function 
Linear Kernel G(xj, xk) = xj′xk 

Polynomial Kernel G(xj, xk) = (1 + xj′xk)q 
Gaussian Kernel G(xj, xk) = exp(-||xj – xk||²) 

2.2 Least Squares Support Vector Machine 

Least squares support vector machines (LS-SVM) model are least squares versions of support 
vector machines (SVM). The minimization problem of LS-SVM algorithm is similar to conventional 
SVM model. However, the primary distinction between these two methods is that the LS-SVM model, 
which is based on a least square cost function, contains equality requirements rather than inequalities. 
In addition, the SVM model focuses on solving a quadratic problem while LS-SVM model focuses 
on solving a linear problem. Given the input data matrix X as n times p, and an output vector y as n 
times 1, the training dataset can be expressed as {xi, yi}n

i=1, where xi ∈ Rp, and yi ∈ R, the main task 
for LS-SVM algorithm is to build the function f(x) = y, where the output yi is dependent on the 
independent variable xi. The function is expressed as: 

𝑓ሺ𝑥ሻ ൌ 𝑊்𝜑ሺ𝑥ሻ ൅ 𝑏 ሺ3ሻ 
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where W and 𝜑ሺ𝑥ሻ: Rp → Rn are vectors shaped as n times 1, and b ∈ R. Subsequently, the problem 
of optimization and the constraints of equality are expressed as below: 
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In this case, the parameter for balancing the solution size and training errors is C ∈ R+, and e is the n 
times 1 vector with all elements set to 1. When a Lagrangegian is generated in Equation (4) and 
differentiated with regard to w, b, e, and a (where a is the Lagrange multipliers), the following results 
are obtained: 
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where I in equation (6) represents the identity matrix. The kernel matrix will then be defined as K = 
ZZT, and the parameter λ = C-1, the following general solution results from the requirements for 
optimality: 
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The kernel functions for LS-SVM algorithm is similar to SVM algorithm, it also can be divided into 
four types: linear, polynomial, radial basis function (RBF), and multilayer perceptron (MLP). These 
four kernel functions can be expressed as shown in Table. 2. In this work, RBF kernel is used for LS-
SVM based on the best parameters selected by Grid Search Cross Validation technique. 

Table 2. Four Kernel functions for LS-SVM. 
Kernel Name Kernel Function 
Linear Kernel K(x, xi) = xi

Tx 
Polynomial Kernel K(x, xi) = (1 + xi

T x/c)d 

RBF Kernel K(x, xi) = exp(-||x – xi||²/σ²) 
MLP Kernel K(x, xi) = tanh(kxi

T x +θ) 

2.3 Data 

All datasets are polled from yahoo finance [12]. This paper focus on Walmart’s daily stock-related 
data for three years (from July 2019 to July 2022) and five years (from July 2017 to July 2022). The 
main reason to investigate Walmart’s stock price is, Walmart is one of the biggest brick-and-mortar 
retailers in the world. As of September 2021, the company has more than 10500 locations across the 
globe [13]. As the Walmart’s stock price is closely related to people’s daily life, it is worth to predict 
Walmart’s stock price because it reflects people’s purchasing behavior, consumer’s demand of goods, 
and residents’ wealth. Thus, predicting Walmart’s stock price can be useful for forecasting economic 
environment in the future. 

The independent variable is tomorrow’s stock daily close price, and dependent variables are 
today’s close price, and some most important calculated technical indicators selected by random 
forest algorithm. Since the algorithm is only used for feature selections, the details will not be 
discussed in this paper. Recursive feature elimination (RFE), which starts with every feature in the 
training dataset and effectively eliminates features one at a time until the required number of features 
is left, is the key concept. In this work, top three most important features are selected from total of 
thirteen features. The features used for predictions based on SVM and LS-SVM are: today’s close 
price, convergence or divergence moving average (MACD), and the difference between the MACD 
and the 9-day exponential moving average (EMA) of the MACD for the trigger line that trigger for 
the convergence or divergence value (MACDH). The explanations of these technical indicators are 
shown as below: 
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 Moving Average (MA): a technical indication that is used to identify a trend's direction. To 
determine an average, it adds up the data points for the financial instruments over a given time 
period and divides the sum by the total. 

 Exponential Moving Average (EMA): a type of moving average, the difference between EMA 
and MA is that EMA focuses on recent price changes and gives more weights to the most 
recent price points. The formula is given in Equation (9): 

EMA ൌ ሾ𝛼 ∗ 𝑇 Close ሿ ൅ ሾ1 െ 𝛼∗YEMAሿ ሺ9ሻ 
Where T means today’s close price and Y means yesterday’s close price. 
 Convergence or divergence moving average (MACD): a momentum trend-following indicator 

that depicts the relationship between two stock price moving averages. The formula is given 
in Equation (10): 

MACD ൌ ሾ0.075 ൈ EMA 𝑜𝑓 𝐶𝑙𝑜𝑠𝑒𝑝𝑟𝑖𝑐𝑒𝑠ሿ െ ሾ0.15 ൈ 𝐸𝑀𝐴𝑜𝑓𝑐𝑙𝑜𝑠𝑒𝑝𝑟𝑖𝑐𝑒𝑠ሿ ሺ10ሻ 
The three-years and five-years Walmart’s stock data then is both split into training datasets and 

test datasets. For three-year dataset, there are 689 and 68 datapoints for traning and test datasets 
respectively. For five-year dataset, there are 1144 and 114 datapoints for training and test datasets 
respectively. All datasets include three features. In addition, distances are very sensitive to the order 
of magnitude of the features in both support vector machines and least-squares support vector 
machines. Therefore, it is necessary to apply scaling transformations on training datasets before using 
models to predict stock price. In this paper, normalization technique is used. Besides, the estimator 
parameters are exhaustively searched and optimized by grid search cross-validation method. 

3. Emiprical analysis 

In this section, the results and limitations of proposed support vector machine (SVM) and least-
squares support vector machine (LS-SVM) algorithms will be presented and discussed. 

3.1 Correlation analysis 

The correlation analysis is introduced to check the reliability of the results given by these two 
models. The correlation matrices of three years and five years are shown in the Tables. 3 and 4, 
respectively. 

Table 3. Three Years Correlation Matrix 
 Today’s Close MACD MACDH Tomorrow’s Close 

Today’s Close 1 0.3 0.12 0.99 
MACD 0.3 1 0.38 0.29 

MACDH 0.12 0.38 1 0.12 
Tomorrow’s Close 0.99 0.29 0.12 1 

Table 4. Five Years Correlation Matrix 
 Today’s Close MACD MACDH Tomorrow’s Close 

Today’s Close 1 0.09 0.02 1 

MACD 0.09 1 0.37 0.09 
MACDH 0.02 0.37 1 0.02 

Tomorrow’s Close 1 0.09 0.02 1 

Correlation measures the linear relationship between two variables, it has no unit and ranges from 
negative one to positive one. As the correlation coefficient approaches to absolute, which indicate 
two variables are strongly correlated. Besides, correlation coefficient approaches to zero indicating 
no linear relationship exists among two variables. The two tables above indicate the correlation 
between predictor variables (today’s stock close price, MACD, and MACDH) are quite low for both 
three- and five-years datasets, which means the features used in the price predictions for both SVM 
and LS-SVM models are not strongly correlated. Therefore, there is a low chance that the 
performances of the model will be impacted by the problem of multicollinearity that may cause 
misleading results. In addition, since the best parameters are exhaustively filtered by grid search cross 
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validation that avoid subjective judgement, it is believed that the predicted results also are the best 
represented both in three- and five-year datasets of Walmart’s stock price information. 

 
Fig. 3 SVM Results for Three Years. 

 
Fig. 4 LS-SVM Results for Three Years. 

 
Fig. 5 SVM Results for Five Years. 

 
Fig. 6 LS-SVM Results for Five Years 

3.2 Regression models 

Figures. 3 and 4 outline the application of SVM and LS-SVM models on three-years Walmart’s 
stock datasets (from July 2019 to July 2022). Figures. 5 and 6 present the results for five years (from 
July 2017 to July 2022). The blue line represents original historical stock’s daily closing prices, the 
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red line represents the predicted prices on training datasets, and green line represents the predicted 
results on test datasets. The summary of model evaluations is shown in the tables below, where Table. 
5 shows the model performances on three years datasets, and Table. 6 gives the model performances 
on five years datasets. 

Table 5. Model Evaluations on three-year Datasets 
Model Performances on three-year Datasets 

 Support Vector Machine Least-Squares Support Vector Machine 
Main Tuning Parameters Kernel: linear, C = 10, Epsilon = 0.01 Kernel: RBF, Gamma = 100.0, Sigma = 10.0 

MSE on Train Data 3.3340 3.2170 
MES on Test Data 23.0232 22.9883 

MAE on Train Data 1.2117 1.2102 
MAE on Test Data 3.7351 3.7421 
R2 on Train Data 0.9781 0.9790 

R2 on Test 0.8996 0.8998 
Table 6. Model Evaluations on five-year Datasets 

Model Performances on five-year Datasets 
 Support Vector Machine Least-Squares Support Vector Machine 

Main Tuning Parameters Kernel: linear, C = 100, Epsilon = 
0.1 

Kernel: RBF, Gamma = 1000.0, Sigma = 
100.0 

MSE on Train Data 2.5610 2.5952 
MES on Test Data 621.1760 617.2734 

MAE on Train Data 1.0227 1.0445 
MAE on Test Data 22.7761 22.7801 
R2 on Train Data 0.9948 0.9947 
R2 on Test Data -2.9795 -2.9545 

3.3 Explanations 

Figure. 3 and Figure 4 indicate that the performances on both support vector regression (SVR) and 
least-squares support vector machine (LS-SVM) algorithms on three-year datasets. It is observable 
that the predicted curves using the proposed models are equally closing to the real trend of Walmart’s 
daily stock price, especially in fluctuation cases. Moreover, it is remarkable that the incredible 
performance of both models can predict the price directions (up or down) accurately. Beisdes, the 
model evaluations given by Table. 5 supports this result, both models achieve the low mean squared 
error (MSE), mean absolute error (MAE), and high R² scores. However, the similar performances on 
both models might suggest that there is no significant difference using these two models in prediction 
tasks. 

On the other hand, both SVM and LS-SVM models have worse performances on five-year datasets 
to compare with the results given on three-year datasets. Seen from Figure.5 and Figure. 6, the 
predicted curves using both models are poorly fitted to the actual trend of Walmart’s daily stock price 
with larger-fluctuated patterns, and the model evaluations given by Table. 6 supports this result. In 
particular, the negative coefficient determinations (R² scores) on both models indicate that the 
prediction results of both models approximately equivalent to random guesses, even worse than just 
calculating the average value of target variable. This implies that SVM and LS-SVM models are not 
suitable for large datasets. The main reasons are given as follows. Firstly, the nature of complexity of 
large dataset makes the predicted results of both models is difficult to fit the actual stock market 
trends. Second, both algorithms are not suitable for large datasets because their training complexity 
is highly depended on the size of datasets. In addition, this paper defines that the suitable data sizes 
should be within three years (approximately no more than 700 data points for training purpose). 
Moreover, both models can predict the stock daily prices’ directions (up or down) well on both three- 
and five-years datasets. As illustrated in Figure. 3 to Figure. 6, the actual and predicted curves go up 
or down simultaneously, indicating although SVM and LS-SVM models are not suitable for large 
datasets, they still can be used for classification tasks regardless of the size of dataset. 
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3.4 Limitations 

The limitation of this paper are discussed as follows. Primarily, the fewer features are selected for 
training purpose that leads some inefficient features, the features have low correlation relationship, 
are selected based on limited total number of features by grid search cross validation, which causes 
the imbalanced weights for features. For instance, the “today’s close price” is relatively overweighted 
compared with other features. Additionally, overfitting problems exist in both three- and five-years 
datasets based on Table. 5 and Table. 6 as the MSE, MAE are lower on the training datasets compared 
with the scores on test datasets, and the coefficient determinations (R2 scores) are higher on training 
datasets compared with test datasets. This suggests that both models should be used with combination 
of other models or methods (e.g., particle swarm optimization) to overcome the overfitting problems 
that found in support vector machines and least-squares vector machines. 

4. Summary 

In conclusion, the support vector machine (SVM) and the least-squares support vector machine 
(LS-SVM) models are applied in comparison of Walmart’s stock price prediction tasks using today’s 
close price and two technical indicators: MACD and the EMA of it. The random forest algorithm is 
used for determination of feature importance, and the grid search cross validation technique is applied 
for searching best parameters in SVM and LS-SVM models. Both SVM and LS-SVM models give 
the similar prediction performance on three- and five-years dataset.  

However, both models are only giving the highly accurate predictions on three-year datasets rather 
than the predictions on five-year datasets indicating they are only suitable for stock price predictions 
on relative smaller datasets. Additionally, the overfitting problems found in both models suggesting 
that these two models should be used in combination with other algorithms to reduce this problem. 
In the future, when applying SVM and LS-SVM models, feature selections, dataset sizes, and other 
techniques should be taken into consideration for more accurate prediction outcomes. Overall, these 
results offer a guideline for stock price predictions using both SVM and LS-SVM models, they 
achieve better results on smaller datasets than larger datasets.  
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