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Abstract: Predicting stock-price remains an important
subject of discussion among financial analysts and re-
searchers. However, the advancement in technologies
such as artificial intelligence and machine learning tech-
niques has paved the way for better and accurate predic-
tion of stock-price in recent years. Of late, Support Vector
Machines (SVM) have earned popularity among Machine
Learning (ML) algorithms used for predicting stock price.
However, a high percentage of studies in algorithmic in-
vestments based on SVM overlooked the overfitting nature
of SVM when the input dataset is of high-noise and high-
dimension. Therefore, this studyproposes anovel homoge-
neous ensemble classifier called GASVMbased on support
vector machine enhanced with Genetic Algorithm (GA) for
feature-selection and SVM kernel parameter optimisation
for predicting the stock market. The GA was introduced in
this study to achieve a simultaneous optimal of the diverse
design factors of the SVM. Experiments carried out with
over eleven (11) years’ stock data from the Ghana Stock
Exchange (GSE) yielded compelling results. The outcome
shows that the proposed model (named GASVM) outper-
formed other classical ML algorithms (Decision Tree (DT),
Random Forest (RF) and Neural Network (NN)) in predict-
ing a 10-day-ahead stock price movement. The proposed
(GASVM) showed a better prediction accuracy of 93.7%
compared with 82.3% (RF), 75.3% (DT), and 80.1% (NN). It
can, therefore, be deduced from the fallouts that the pro-
posed (GASVM) technique puts-up a practical approach
feature-selection and parameter optimisation of the differ-
ent design features of the SVM and thus remove the need
for the labour-intensive parameter optimisation.
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1 Introduction
The availability of big data generated from different
sources (e.g., government, financial, health, marketing,
and social networks) daily, has paved the way for the ap-
plication of intelligent systems for classification and pat-
tern recognition tasks [1]. The stock market is one of the
sectors that enjoy massive data daily from various sources.
With many benefits associated with the stock market, it
is sometimes used as a primary gauge of a nation’s eco-
nomic power and development [2, 3]. Hence, predicting
the stock market is an essential area of interest in the fi-
nancial world [4, 5].

Thoughmarket trend prediction is seen to be a compli-
cated and challenging task, the profit associated with ac-
curate prediction has resulted in an increase in research in
this field [6–8]. Lately, researchers areworking towards im-
proving the accuracy of stock market predictive models by
applying several business analytics techniques, including
artificial intelligence, statistical means and soft comput-
ing [3]. Techniques such as artificial neural networks, ran-
dom forest, support vector machine, decision trees, logis-
tic regression and many more have been used in building
algorithmic trading systems [3]. Among these techniques,
the SVM has gained popularity due to its ability to deal
with intricate nonlinear patterns [7, 9].

Usmani et al. [10, 11] proposed a hybrid machine
learning algorithm based on SVM, Single Layer Percep-
tron (SLP),Multilayer Perceptron (MLP), Radial Basis Func-
tion (RBF) and Autoregressive Integrated Moving Aver-
age (ARIMA) for predicting the Karachi Stock Exchange
(KSE) index. Similarly, Chen and Hao [12] applied Feature
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Table 1: A comparison of SVM in building trading systems

Reference Method Evaluation Metrics Feature
Selection

Value Predicted

[11] Ensemble (SLP, MLP and SVM) Accuracy Training = 95.7% No Stock Prices
Testing = 66.6%

[12] FWSVM and FWKNN MAPE = 0.27 Yes Market index
RMSE = 0.0070

[7] SVM Accuracy = 89% No Stock-price
[13] SVM, RF, K-Nearest Neighbour (KNN),

Naive Bayes, and Softmax
Accuracy: SVM (66.14%), RF (69.73%) Yes Stock price

F-measure = SVM (0.7836), RF = (0.7987)
[37] SVM, MLP, RBF, ARIMA, SLP Accuracy = 77% No Market index
[14] SVM Accuracy = 81.56% to 83.22%

RMSE = 51.9525, MAPE = 0.22656
Yes Stock price

[38] SVM Accuracy = 86.69% −89.33% No Stock price
[16] SVM and LR Accuracy: LR (82%), SMV (60%) No Stock price
SLP = Single Layer Perceptron. MLP = Multi-layer Perceptron, FWSVM = feature weighted support vector machine, FWKNN = feature weighted
K-nearest neighbour algorithm, RNN = Recurrent Neural Network, LSTM = Long Short-Term Memory Cells, LR = Logistic Regression

Weighted SVM (FWSVM) and Feature Weighted K-Nearest
Neighbour (FWKNN) algorithms for predicting the SSE
Composite Index. Also, Mathur, Pathak and Bandil [8] pre-
sented aRecurrent Neural Network, Long Short TermMem-
ory (RNN-LSTM) based stock-price predictive model used
for portfoliomanagement based onpublic sentiment. Like-
wise, Bousono-Calzon et al. [7] put forward an SVM pre-
dictive model for predicting stock price movement. All the
above studies reported satisfactory prediction results by
the SVM algorithm.

A comparative study of supervised ML algorithms for
stock market trend prediction using time windows of size
1 to 90 was proposed [13]. The study reported that RF out-
performedall other algorithms for large datasets,while the
Naive Bayesian Classifier was the best for small datasets.
An enhancement of SVM with swarm intelligence optimi-
sation technique was proposed for predicting stock price
[14]. Nayak, Mishra and Rath [15], Pimprikar, Ramachad-
ran, and Senthilkumar [16], and Stanković, Marković, and
Stojanović [17] applied SVM for predicting the stock mar-
ket and reported moderate prediction accuracies. In an-
other study, ŚlepaczukandZenkova [9] proposedan invest-
ment strategy framework based on the SVM algorithm for
the cryptocurrency market and investigating its profitabil-
ity. Table 1 presents a comparative summary of previous
algorithmic trading studies that used SVM as the primary
classifier or among other classifiers.

Despite the SVM novelty and better performance re-
ported in previous studies (see Table 1), some criticisms
associated with its application for “big data” and “noisy
data” analysis were overlooked. These issues are: (i) the
classical SVM algorithm assumes that all the features of
a sample give the same contribution to the target value.

However, this theory is not always valid in many real prob-
lems [12]. (ii) SVM predictive models with flexible nonlin-
ear kernels are prone to overfittingwhen input dataset is of
high-noise and high-dimensional [18]. (iii) the practicality
of SVM is impacted due to the problems of choosing suit-
able SVM parameters (C, σandε) as pointed out in the lit-
erature [14].

Moreover, Lin et al. [19], argued that the SVMcould not
precisely select a feature subset to contain features that are
highly associated with the output, yet uncorrelated with
each other [19]. Notwithstanding, according to Gonzalez
et al. [20], these issues impede the generalisation perfor-
mance of the SVM [20]. This limitation causes overfitting
of the SVM in predicting financial data, due to the higher
dimensional, precariousness, and noise associatedwith fi-
nancial data.

However, as shown in Table 1, almost (62.5%) of the
reviewed works based on SVM paid no attention to these
limitations of the SVM.All the same, thewidely use of SVM
in algorithmic trading demands for an effective technique
of building an SVM classifier with high classification ca-
pability. Therefore, to scale-down these issues mentioned
above, feature optimisation techniquesmust be applied in
predictive frameworks based on SVM where necessary.

In away to reduce over-fitting and computational time
due to high-noise and high-dimensional in financial data,
and increase prediction accuracy, twomain techniques are
used in feature optimisation. Thus, (i) Feature-Extraction
(FE) also called Feature-Transform (FT) and (ii) Feature-
Selection (FS). FE seeks to construct a new feature variable
from the original variables. On the other hand, FS focuses
on picking a subset of features from the original variable
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that are highly correlatedwith the expected output anddis-
cards the less significant variables.

Several techniques are available for performing di-
mensionality reduction in machine learning, and some
of these techniques include Particle Swarm Optimization
(PSO), Principal Component Analysis (PCA), and Genetic
Algorithm (GA) [21, 22]. However, the literature shows that
GA is an efficient and adaptive technique for FS [2, 23, 24].
Furthermore, the high sensitivity nature of Genetic Algo-
rithm’s to noise and their ability to operate without any
domain knowledgeputs themahead for optimisationprob-
lems.

The introduction of Ensemble Methods (EM) was
aimed at boosting the accuracy in predictive models by
overcoming variance and stability issues with single clas-
sifiers. They are among the most potent predictive ana-
lytics algorithms which combine multiple learning algo-
rithms, forming committees [25]. The power in EM has
been applied in several areas to improve prediction accu-
racy. Example, in oil and gas industries to predict future
oil price [26], in agriculture to predict crop yields [27], in
health for classifying lung cancer severity [28] and in the
energy sector for predicting short-term energy consump-
tion [29]. Meanwhile, little of its application is known in
the field of financial analysis, in Europe, India, Shanghai,
and Bovespa Index [3].

Regardless of the global achievement made by ma-
chine learning and soft computing techniques in predict-
ing the stock-market, studies show that over 95% of re-
search works on the Ghana Stock Exchange (GSE) focused
on identifying the degree of association between stock
price and macroeconomic variable [3, 30].

Given the above discussions, this study seeks to em-
ploy the power in EMand the ability of SVM indealingwith
intricate nonlinear patterns while overcoming its draw-
backs discussed abovewith GA to predict the stockmarket.

Precisely, we propose a “homogeneous” ensemble
classifier called (GASVM) based on an enhanced SVMwith
GA for feature selection and kernel parameter optimisa-
tion to predict stockmarket pricemovement. Our contribu-
tions to knowledge are (i) a unique ensemble SVM classi-
fier enhanced with GA to carry out feature-selection and
parameters-optimisation framework for predicting stock
market price movement. (ii) A source of reference and a
standard of comparison for future studies on predicting
stock-price movement on the GSE.

The choice of the SVM classifier for this study was
motivated by the effectiveness of the SVM algorithms in
building algorithmic trading models [7, 9, 12, 15–17]. Fur-
thermore, we used ensemble techniques to highlight the

strength of different input features and SVM parameters
while watering down their weakness.

The remaining sections of the current study are organ-
ised as follows: Section 3 presents details of materials and
methodsused for buildingourproposedGASVMpredictive
model and a brief description of other machine learning
methods for algorithmic trading. Section 4 discusses the
results of the current study, and Section 5 concludes this
study and describes avenues for future research.

2 Material and methods
The details of the proposed predictivemodel (GASVM) and
a brief description of other machine learning techniques
used for benchmarking proposed design are presented in
this section.

2.1 Ensemble GASVM

The fundamental goal of the current study was to enhance
the prediction accuracy of a set of SVM using GA as a fea-
ture selection optimiser. In building ensemble classifiers,
there is no fast rule for the number of base-classifier to
apply; however, for this study, fifteen (15) different SVM
classifierswere ensembled. This numberwaspickedbased
on findings in [3]. Every based classifier was created with
different parameters and attributes to increase diversity.
The Gaussian Radial Basis Function was used as a kernel-
based for our SVM for higher diversity achievement as re-
ported in [20]. Figure 1 shows the proposed framework for
predicting stock-market price movement.

The framework consists of two sections: phase 1 and
phase 2. Phase 1 presents the data pre-processing stage.
Our dataset was pre-processed in two primary steps: (i)
data cleaning (ii) and (ii) data transformation. The data
cleaning stage took care ofmissing values, noisy-data, and
identifying and removing outliers where necessary and re-
solving of data inconsistency. The next stepwas data trans-
formation; the max-min function as defined in Eq. (1), was
adopted to normalise our dataset within the range [0, 1], to
prevent local optima, overcome numerical complications
and obtain a better efficacy.

u′ = u − umin
umax − umin

(1)

where u′ is the normalised value, u = the value to be nor-
malised umin and umax = theminimal andmaximum value
of the dataset.
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Figure 1: Proposed Framework

Phase 2 accounts for building the proposed GASVM
classifier and other selected algorithms for benchmarking.
The following section discusses it in detail.

2.1.1 Support Vector Machine (SVM)

The SVM is a supervised ML algorithm used for regres-
sion and classification tasks. It serves as a linear separator
sandwiched between two data nodes to detect two differ-
ent classes in the multidimensional environs [31].

Let (Dset), defined in Eq. (2), represent the training
dataset, where (Dset) is a pair (xi , yi) of an n-dimensional
feature vector, (yi) = label of (xi) and i =1,2,3,. . . ,n. For ev-
ery expected outputand inputs feature (xi) in (Dset), we
applied a hyperplane for separating the binary-decision
classes in the 2-attributes, using the formula defined in
Eq. (3). Where (wi) characterise the weight-values of the
hyperplane to be memorised by the algorithm. With this,
we describe the maximum margin-hyperplane as defined

in Eq. (4), where x(i) is the support-vector, (yi) is the class-
value of training examples x(i), x is the test instance. de-
termine the hyperplane parameters. Eq. (5) represents a
higher-dimensional version of Eq. (3), for nonlinearly sep-
arable instances. Finally, the SVM transforms the inputs-
features (xi), into a high dimensional feature space as ex-
pressed in Eq. (6) and Eq. (7).

Dset =
{︀(︀
xi , yi , . . . , (xn , yn)

)︀}︀
∈ n × −1, 1 (2)

y = wo + w1x1 + w2x2 (3)

y = b +
∑︁
i=0

(︀
αiyix(i)

)︀
.x (4)

y = b +
∑︁
i=0

αiyiK
(︀
xi , xj

)︀
(5)

min
d,bε,

1
2W

TW + C
n∑︁
i=1

εi (6)
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subject to yi
(︁
WT∅ (xi + b) ≥ 1 − εi

)︁
(7)

εi > 0

When ∝i is within the lower boundary, almost or
equal 0, then a detachable situation is obtained. For non-
separable conditions, an upper-boundary C is placed on
∝i in addition to the lower boundary to generalise the SVM
as pointed out in [19]. C is also (penalty-factor regulates)
the trade-off between achieving a low error rate on the
training data and complexity of the model. The value of
C is of high importance in the model training because a
small value of (C) causes an increase in training errors, due
to the bigger margin of separating hyperplane it generates.
While a substantial value of C leads to the lesser-margin
hyperplane, leading to a more severe punishment of non-
separable points.

The SVM was optimised with the algorithm as ex-
pressed in Eq. (6) and Eq. (7). With the function ∅, the vec-
tors xi (training dataset) are mapped into a dimension of
higher space. In this dimension, SVMfindsa linear separat-
ing hyperplane with the best margin. For every SVM, there
are two values from Eq. (5) and Eq. (6) (i.e. ∝ and C) to be
optimised by the genetic algorithm. The Radial Basis Func-
tion (RBF) expressed in Eq. (8) was adopted as the kernel
function for our SVM ensemble, since RBF tends to give a
decent performance under all-purpose smoothness guess.

RBF : K
(︀
xi , xj

)︀
= exp

(︁
−y||xi − xj||2

)︁
, y > 0 (8)

where
(︀
xi − xj

)︀
is the Euclidian distance between two data

point.
The majority voting ensemble technique defined in

Eq. (9), is adopted for combining the outputs of individual
SVM classifiers for the final prediction, due to its simplic-
ity, yet compelling technologically.

Pk(x) =
{︃
1 if
0 otherwise

∑︁n

i=1
pi,k(x) > n (9)

where Pk(x) is the prediction of ensemble on (x) for cate-
gory k, pi,k(x) is the prediction of a specific SVM (i) on cat-
egory (k) for review (x), and n is the number of SVM ensem-
bled.

2.1.2 Genetic Algorithm (GA)

GA is an evolutionary algorithm first introduced by John
Holland [32]. GAs are adaptive-optimisation search tech-
niques based on a direct similarity to Darwinian natural
selection and genetics in biological systems. They can deal
with bigger search spaces effectively and efficiently. GAs

work with a set of an appropriate solution, called popula-
tion (p), in which every individual (chromosome) stands
for a feasible solution to the given problem. Each (pi) value
is accessed (where i = {1,2,3,4. . . p}) through a fitness func-
tion (f), to determine how good a chromosome is in the
possible solutions of the optimisation task. Based on the
fitness value of (pi), it is selected and passed through some
genetic operations, namely mutation (m), and crossover
(c)with definite probabilities, forming new ones. It contin-
ues from the first (p) to the

(︁
ith
)︁
p in a loop; each loop re-

ferred to as a generation. As the cycle goes on, a new pop-
ulation evolves, and acceptable results are obtained, the
cycle ceases when the stopping criteria (sc) are realised.
The list of all chromosomes found within all generations
becomes the GAs answer to the given problem. The follow-
ing steps show the implementation of the GA feature selec-
tion process in this study.

Step 1: An initial population of chromosomes was gener-
ated, which were bit strings of arbitrarily created
binary values. The size of the chromosome and
population used in this study was 85 and 250, re-
spectively. The chromosomes (Ch) value was cal-
culated as expressed by Eq. (10). Where signifies
the number of features in the dataset (Dset) and
denotes the number of classifiers.

Ch = (Fe × Cl) + 2Cl (10)

Step 2: The Ch were decoded (bit strings) to discover
which input variables must be chosen.

Step 3: We ran an ensemble SVM model to predict a 10-
day stock price movement.

Step 4: Theprediction accuracy by individualCh from the
ensembled SVMwas used to determine how good
a Ch is in the possible solutions of the optimisa-
tion task. The accuracy values were calculated
based on Eq. (12).

Step 5: A decision to exit or continue the loop is taken at
this stage. The stopping gaugewas set to the num-
ber of generations, fifty (50) for this study.

Step 6: The tournament selection technique was used
to select Ch to cross over. A tournament selec-
tion consists of running several tournaments on
a small number of Ch chosen at random from the
p. The victor for each tournament is selected for
crossover.

Step 7: An arithmetic crossover operator which ex-
presses a linear amalgamation of two (2) Ch was
applied.
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Step 8: We introduce new genes into the p with uniform
m operator and generate an arbitrary slot number
of the c as and flip the binary value in that slot.

Step 9: We replace old Ch with two best offspring of Ch for
the next generation.

Step 10: Go to Step 2.

After manual adjustment of the GA coding, the main
parameters were set, as shown in Table 2.

Table 2: Parameters used in the proposed GA feature Selection

Parameters Value
Population Size 250
Number of Generations 50
Genome length 100
Probability of Crossover 85%
Probability of Mutation 10%
Type of Mutation Uniform Mutation
Elite Count 2
Type of Selection Tournament

2.2 Benchmarked Machine Learning
Algorithms

This section presents a short description of selected algo-
rithms for benchmarking proposed model. The three mod-
elswere selected based ona survey report on themost com-
monmachine learning algorithm used in stockmarket pre-
diction presented by Nti et al. [3].

Neural networks (NN):
The NN is among the soft computing techniques that are
commonly found in algorithmic investments [3]. A feedfor-
ward single-layer artificial neural network of ten (10) hid-
den neuron and a “relu” activation function with a max-
imum iteration of four thousand (4000) was used in this
study. The weights were chosen randomly from the start
with an initial range parameter set to 0.1, while entropy
constraint was set to use the topmost condition’s likeli-
hood. Weight decay was used to circumvent overfitting.

Decision Tree (DT):
ADT is a form of the flow-chart-like tree structure that uses
a branch-offmethod to spell out every distinct likely result
of a decision. DT represents a set of conditions, organised

hierarchically and serially applied from root to a leaf of
the tree or terminal node [33]. Every distinct node within
the tree personifies a test on a precise variable, and each
branch is the outcome of that test. An information-gain
approach was used to decide the appropriate property for
each node of a generated tree.

Random forest (RF):
RF combines the performance of (N) number of DT algo-
rithms to make prediction [33]. When an RF receives an in-
put of (x), where x is a vector made up of a variety of differ-
ent evidential features examined for a given training area,
the RF builds (N) DTs and averages their results as the fi-
nal predicted output. So that for N tress , the FR predictor
is formulated as expressed by Eq. (11). For this study, the
value of N was fifty (50) based on findings in [3].

f Nrf (x) =
1
N

N∑︁
N=1

T(x) (11)

2.3 Evaluation Metrics

In ascertaining the performance of the proposed model,
four (4) evaluation metrics among the lot discussed in
[3] were used, namely, (1) accuracy, (2) area under the re-
ceiver operating characteristic curve (AUC), (3) root mean
squared error (RMSE) and (4) mean absolute error (MAE)
expressed in Eq. (12)-(15), respectively.

Accuracy(%) =
(︂

(TP + TN)
(TP + FN + FP + TN)

)︂
× 100 (12)

AUC =
1∫︁

0

(︂(︂
TP

TP + FN

)︂
d
(︂

FP
FP + TN

)︂)︂
(13)

=
1∫︁

0

(︂
TP
P d FPN

)︂

RMSE =
√︂

1
n

(︃ n∑︁
i=1

(ti − yi)
)︃

(14)

MAE = 1
n

n∑︁
i=1

| ti − yiti
| (15)

where TN = True Negative, TP = True Positive, P = positive
event, N = negative event, ti = actual value and yi = pre-
dicted value
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2.4 Study Dataset

We downloaded the stock-dataset for this study from the
GSE official website (https://gse.com.gh), from June 25th,
2007 to August 27th, 2019. The GSE is a developing mar-
ket, wheremost companies listedwere from 2010 upwards.
However, to obtain bigger datasets in this study, two com-
panies from the banking and petroleum sectors, among
the few companies listed before 2005 that had fewer miss-
ing values in their dataset were selected for this study.
Nine (9) appropriate technical indicators were calculated
and added to the opening-price, closing-price, year-lowest-
price, year-highest-price, the total stock-traded-volume, as
initial feature sets. Since technical indicators are reported
to be useful tools for characterising the real-market situa-
tion in financial time-series prediction and also, they con-
cealmore information than actual stock prices [3, 9, 13, 14].
The indicators calculated include Simple-Moving Average
(SMA), Exponential Moving Average (EMA), Moving Av-
erage Convergence/ Divergence Rules (MACD), Relative-
Strength Index (RSI), On-Balance-Volume (OBV), stochas-
tic %K (%K), stochastic %D (%D), accumulative ratio (AR)
and volume ratio (VR). Thus, a total of fourteen (14) ini-
tially selected features (Table 3). A comprehensive ap-
proach for calculating these features is provided in Nti et
al. [3].

Table 3: Initially selected features

S/N Features
1. Opening-Price
2. Closing-Price
3. Year-Lowest-Price
4. Year-Highest-Price
5. The Total Stock-Traded-Volume
6. Simple-Moving Average (SMA)
7. Exponential Moving Average (EMA)
8. Moving Average Convergence/Divergence Rules

(MACD)
9. Relative-Strength Index (RSI)
10. On-Balance-Volume (OBV)
11. Stochastic %K (%K)
12. Stochastic %D (%D)
13. Accumulative Ratio (AR)
14. Volume Ratio (VR

Let n be the number of proposed inputs (features) and
(m) number of estimated rows, represented by the matrix

A defined in Eq. (16), of size In this study n was 14.

A =

⎛⎜⎜⎜⎜⎝
x11 x12, . . . , x1n
x21 x22, . . . , x2n
...

...
...

xm1 xm2, . . . , xmn

⎞⎟⎟⎟⎟⎠ ∈ Rm×n (16)

The downloaded dataset had no class label; hence, a
new attribute was introduced by researchers to represent
the class label, as expressed by Eq. (17) [12].

∆Cist = Si,close − S(i+n),close (∀i = 1, 2, . . . , n) (17)

where ∆Cist represent the change of closing stock price be-
tween the nth day and the (x + n)th day, n is the step size of
time horizon. Two targets label such as down or up were
formulated, thus, if ∆Cist ≥ 0 indicates an up else a down.
If a label is an up, then were assigned the target variable
(Ym) = ±1, and if a label is a down, we assigned Ym = −1.

3 Empirical Analysis and
Discussion

We present the results and discussion of the proposed
stock market predictive model in this section. All exper-
iments were carried out on a Samsung laptop with Win-
dows 10 OS, RAM- 6GB, Intel (R) Core™ i5-2410M CPU @
2.30 GHz. We coded all predictive models in this study us-
ing the Scikit learn library [34] and Python.

3.1 Visualisation of the Datasets

Figure 2 and Figure 3 show the visualisation of the opening
and closing price of the downloaded dataset from the GSE.
It was observed that the change between the opening and
closing stock price on the GSE is stable. Thus, there is not
much difference between the opening price and the clos-
ing price of stocks. However, we observed that the stock
price in the petroleum sector increased and dropped re-
markably from June 2013 to August 2019. On the other
hand, the banking sector stock saw a rise in price in 2018
and fell in 2019. We attributed the increase in the bank-
ing sectors stock price to the banking sector reformation
in 2018, and in the second and third quarter of 2019 by the
government of the day [35]. The reforms removed the bank-
ing sector from a significant state of distress [35].

https://gse.com.gh


160 | I. Kofi Nti et al.

Figure 2: Opening and closing price of the downloaded dataset
(Banking)

Figure 3: Opening and closing price of the downloaded dataset
(Petroleum)

3.2 Model Performance

An efficient ensemble SVM with GA as a feature selection
model (GASVM) was proposed for predicting stock price
movement on the GSE. The empirical analysis compared
the performance of the proposed GASVM model with RF,
DT NN based predictive models for predicting a 10-day-
ahead stock price movement. The dataset was partitioned
into two sets, 80% for training and 20% for testing. 10-fold
cross-validation was adopted and applied to attain an en-
hanced valuation of training accuracy. The results are pre-
sented and discussed in the following sections.

Predicting the stock market with high accuracy is an
area of importance in business [3]. In this paper, we at-
tempted to optimise the various parameters of the SVM us-
ing a genetic algorithm to increase its prediction accuracy
and reduce the computational time. The cost associated
with the wrong prediction in the financial sector is very
high. Therefore, the significant contribution of the current
study is the maximisation of investor profit while minimis-
ing loss, by proposing an enhancement technique for the
traditional SVM and validate it experimentally through
real-world stock dataset from the GSE. In this paper, the
RBF kernel was adopted for the SVM; we aimed at optimis-
ing kernel parameter (C, σ) using GA.

Parameter C (penalty factor) is the cost of C−SVM and
the parameter σ is the gamma in kernel function. It is vital
in any regularisation strategy that fair value is selected as
a penalty factor. A higher value leads to a steep penalty for
non-separable points, which might lead to storing several
support vectors and overfitting, while too smallmight lead
to underfitting. The obtained results show thatwith the op-
timal choice of (ε), the value of the regularisation param-
eter C had a small consequence on the generalisation per-
formance. Table 4 shows the values of the SVM parameter
optimisation ranges.

Table 4: SVM Kernel parameters

Parameter Value
C [0.01-1000]
σ 0.0001-10

The computational time of the proposed model
(GASVM) against DT, NN, and RF are as shown in Table 5.
It was observed that the DT model resulted in the fastest
training time of (0.09 sec) followed by the NN (0.118 sec),
the RF (1.808 sec). Even though the DT was the quickest in
respect to training times, when it comes to testing time, DT
andNN tookalmost the same time (0.006 sec). On theother
hand, it was observed that the GASVM training time was
high (18091.2 sec), which can be attributed to the several
different combinations (2n, where n represent the number
of input features) in the feature selection processes.

Table 5: Training & Testing Time

Prediction Model Training (sec) Testing (sec)
GASVM 18091.2 12.81
ESVM 1.91 0.042
DT 0.09 0.006
NN 0.118 0.0064
RF 1.808 0.042

Consequently, the computation time (18091.2 sec) and
resource required by the GASVM technique was observed
to be higher compared with conventional RF, DT, NN, and
ESVM. Thus, finding the optimal solution by the genetic
algorithm is an iterative process, which takes time. Never-
theless, compensation was achieved through the increase
in the accuracy score (93.7%) comparedwith literature (Ta-
ble 1) of accuracy measure between 66% and 83% [13, 14,
17].
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In a way to examine the effect of the GA feature se-
lection technique, we ensemble, fifteen (15) SVM (ESVM)
based on majority voting without any feature selection
and applied the 14 initially selected features for predic-
tion. Table 6 shows comparable results of RMSE, MAE and
AUC between GASVM, DT, NN, RF and ESVM on GSE in
a 10-day-ahead prediction. From the outcome (Table 6),
we observed that the GASVM performed well in terms
of RMSE and MAE compared with benchmarked models.
Again, from Table 6, the GASVM recorded the highest AUC
(closer to 1) compared with its counterparts’ models. This
outcome shows that the GASVM would rank an arbitrarily
chosen positive observation in our dataset higher than an
arbitrarily chosen negative representation in the dataset.

Table 6: Statistical Analysis of models

DT NN RF ESVM GASVM
Accuracy 0.753 0.801 0.923 0.908 0.937
AUC 0.764 0.865 0.905 0.806 0.973
Precision 0.721 0.799 0.913 0.817 0.919
RMSE 0.403 0.255 0.117 0.131 0.042
MAE 0.234 0.165 0.014 0.110 0.09
SD 0.0699 0.0572 0.0678 0.0527 0.0484

The results show that the GAs optimisation of the SVM
parameters has contributed to an enhancement in predic-
tion accuracy. Thus, their offers a promising prospect of
a hybridised feature selection and ensemble learning in
the financial market. This enhancement of efficiency after
feature selection shows that some features indeed cause
noise, which intend reduces the performance of the ma-
chine learningmodel. The results further show that tomax-
imise the performance of SVM, proper setting of design fac-
tors such as the right feature subset, the appropriate ker-
nel, and its parameters are of crucial importance.

Furthermore, it was observed that all the ensemble
techniques (RF, ESVM, and GASVM) outperformed the sin-
gle classifiers (DT and NN). Thus, an affirmation of the ar-
gument that ensemble techniques are superior to individ-
ual classifiers, as reported in [25, 36]. Concerning the val-
ues obtained for RMSE and MAE by this study, the best
model was GASVM, followed by RF, ESVM, and NN. The
proposedmodel (GASVM) achieved a smaller differencebe-
tweenMAE and RMSE. As stated in [2, 23], theminor differ-
ence stuck between MAE and RMSE implies a lower vari-
ance in the individual errors. The Standard Deviation (SD)
of 0.0484 by the proposedmodel shows that the GASVM is
more stable compared with the NN, DT, RF and ESVM.

The proposed model (GASVM) recorded a training ac-
curacy of 94.6% compared to 93.7% for testing. Thus, the
introduction of GAas a feature selection andparameter op-
timisation technique offered SVM protection against over-
fitting, which was identified in the literature as a draw-
back of the SVM for a high-dimension dataset. Figure 4
shows the True Positive Rate (TPR) and False Positive Rate
(FPR) of the models. The results show that the GASVM, RF,
and ESVM predicted true positives as compared to the DT
andNN. The values show excellent performance of the pro-
posed GASVM predictive model for stock price movement
prediction.

Figure 4: True-positive rate (TPR) and false-positive rate (FPR) of
models

4 Conclusion
In this study,we introduce a novel “homogeneous” ensem-
ble classifier (GASVM) based on Genetic Algorithm (GA)
for feature-selection and optimisation of SVM parameters
for predicting 10-day-ahead pricemovement on the Ghana
stock exchange (GSE). Accuracy metrics such as RMSE,
MAE, AUC, Accuracy, Recall were compared, between pro-
posedmodel (GASVM) andother state-of-the-art predictive
models (DT, RF and NN). The GASVM showed a higher pre-
diction accuracy of the GSE stock-price movement as com-
pared with DT, RF and NN. The primary input of this study
is the introduction of a GA as a feature selection mech-
anism to optimise the various design factors of the SVM
simultaneously. This yielded evidence in the results ob-
tained from the proposed model compared with the con-
ventional SVM ensemble, random forest, decision trees,
and neural network.
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Finally, an enormous search space was achieved by
performing feature selection and parameter optimisation
simultaneously in the current study through the number
of features combination and themoderate range of param-
eter values. We hope that the accuracy of 93.7% achieved
by the proposed model would help maximise the profit of
investors on the Ghana stock exchange. We, therefore, de-
duced from the results that the proposed (GASVM) tech-
nique puts forward a practical approach feature selection
and parameter optimised of the distinct design features of
the SVM and thus removes the need for themanual optimi-
sation of the SVM.

The current study adopted only a genetic algorithm
for features and parameter optimisation based on findings
in the previous studies without experimenting with other
available optimisation techniques. Hence, further investi-
gation should look at employing other alternatives. Again,
stock pricemovement depends not only on historical stock
data but also on fundamental data such as the satisfaction
of the customerswith the company’smarket andwebnews
[3, 8]. So, future researchwork could also investigate the ef-
fects of user sentiment and web financial news to predict
stock price movement.
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