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COMPARATIVE ANALYSIS ON MACHINE LEARNING MODELS
FOR PREDICTING KOSPI200 INDEX RETURNS

Bonsang Gu a and Joonhyuk Song b, ∗

Abstract. In this paper, machine learning models employed in various fields are
discussed and applied to KOSPI200 stock index return forecasting. The results
of hyperparameter analysis of the machine learning models are also reported and
practical methods for each model are presented. As a result of the analysis, Support
Vector Machine and Artificial Neural Network showed a better performance than
k-Nearest Neighbor and Random Forest.

1. Introduction

Various research has been actively conducted to utilize machine learning to pre-
dict financial markets. As machine learning models, k-Nearest Neighbor (k-NN),
random forest, Support Vector Machine (SVM) and Artificial Neural Network (ANN)
were used for financial market prediction. In the study of k-NN, Teixeira & Oliveira
[13] showed higher performance than buy-and-hold strategy by using technical anal-
ysis index and k-NN. Huang et al. [5] analyzed the index of the Istanbul Stock
Exchange and showed that SVM has higher prediction power than ANN. In the
study of Kim [7], SVM showed a higher predictive power than ANN in KOSPI index.
ANN is one of the most actively studied machine learning techniques for forecasting
financial markets, including stock (Yudong & Lenan [14]) and FX (Dunis et al. [3]).

As interest in machine learning has increased, there have been various studies
using machine learning models in Korea. Many studies show that the use of ma-
chine learning models improves predictability. A genetic algorithm-based artificial
intelligence prediction model of Lee [8] showed that the predictive power is mean-
ingful. In addition, there have been a study that used k-NN algorithms (Kim [6]) to
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improve prediction performance. Park et al. [10] developed a model to predict using
SVM, lasso regression, ANN. In this study, SVM showed higher predictive result
than ANN in training data, and ANN has better predictive result in test data.

In recent years, interest in robo-adviser services has increased in the Korean
financial market, and there is an increasing tendency to incorporate machine learning
techniques into the financial market. Interest in research to predict the stock market
using machine learning is increasing. However, there is still a lack of research using
machine learning techniques in Korea. Therefore, it is necessary to carry out a
comprehensive analysis on various machine learning techniques. In this study, the
four major machine learning models are explained, and the results of the stock index
prediction according to each machine learning model are analyzed to compare the
advantages and disadvantages of each model.

2. Machine Learning Models for Prediction

2.1. k-Nearest Neighbors The k-Nearest Neighbor (k-NN) algorithm is one of
the simplest machine learning methods used in pattern recognition. When there
are many objects, k nearest neighbors are used to classify objects. The k-NN finds
attributes similar to objects and classifies them by majority vote. Generally, the k
closest training data in the multidimensional feature space is input, and the objects
assigned to the most common items among the k nearest objects are classified by a
majority vote. The most widely used distance measure for k-NN is the Euclidean
distance scale, and the Euclidean distance is calculated as the square root of each
axis. Depending on the application, various distance measures such as Manhattan
distance can be used.

Euclidean distance:

d(x, y) =

√√√√
n∑

i=1

(xi − yi)2.(2.1)

Manhattan distance:

d(x, y) =
n∑

i=1

|xi − yi| .(2.2)

2.2. Random Forest A random forest is an ensemble learning technique based
on a multidimensional decision tree. The main concept of random forest was first
proposed by Ho [4]. The random forest technique is to create multiple decision trees
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on randomly selected subspaces for the feature space. The subspace-based classi-
fication method can improve the accuracy while avoiding overfitting as compared
with a single-tree classification method. Random forest was established by Breiman
[1], famous for its research on bagging (bootstrap aggregating). In Breiman’s paper,
a random forest is defined as a classifier consisting of a collection of classifiers in a
tree structure composed of independent random vectors. The original definition of
random forest in Breiman’s paper is as follows.

The original definition of random forest :
A random forest is a classifier consisting of a collection of tree-structured classifiers
{h(x,Θk), k = 1, ...} where the {Θk} are independent identically distributed random
vectors and each tree casts a unit vote for the most popular class at x.

2.3. Support Vector Machine The Support Vector Machine (SVM) was first
proposed by Boser et al. [2] to find a way to maximize the margins, the distance
between categories. SVM is an algorithm that creates a hyperplane that maximizes
margins. First, a virtual hyperplane is established and a margin function is de-
rived using a vector representing the distance between the nearest point and the
hyperplane. Finally, SVM find the hyperplane that maximizes the margin function.

The function f(x), which represents a hyperplane that divides the D-dimensional
space by half, is defined as follows for the D-dimensional vector x and weight w

f(x) = x1w1 + x2w2 + · · ·+ xDwD + b = xw + b = 0.(2.3)

We can generate {xi, ti} pairs with the property ti ∈ {1,−1} for pattern vector
xi with i = 1, · · · , N . If we set the target value ti according to the value of f(xi),

{x1, t1} , {x2, t2} , · · · , {xN , tN} where ti =
{

1 if f(xi) > 0
−1 if f(xi) < 0 .(2.4)

These pairs satisfy the following conditions

tif(xi) = ti(xiw + b) > 0.(2.5)

We define h1 and h2 in both sides of the hyperplane f(x) as

h1(x1) = x1w + b = 1(2.6)

h2(x2) = x2w + b = −1.(2.7)
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In order for xi to exist outside adjacent to h1 and h2, the following must be
satisfied

ti(xiw + b) ≥ 1.(2.8)

If we find the distance between h1 and h2 here,

dist(h1(x1), h2(x2))) = (x1 − x2)
w

‖w‖ =
1
‖w‖(x1w − x2w) =

2
‖w‖ .(2.9)

The problem of maximizing the distance (2/ ‖w‖) between h1 and h2 is equivalent
to the following optimization problem.

min
w,b

1
2
‖w‖2 subject to ti(xiw + b) ≥ 1, i = 1, ..., N.(2.10)

This optimization problem can be solved using the Lagrange function as follows.

L(w, b,λ) =
1
2
‖w‖2 −

N∑

i=1

λi(tif(xi)− 1).(2.11)

where λi ≥ 0. f(x), which determines hyperplanes, need not be restricted to linear
properties. We can replace xi with the predefined function ϕ(x), or use a kernel
function K(x, x′) in dual space.

f(x) =
D∑

j=1

wjϕj(x) + b(2.12)

f(x) =
N∑

k=1

αkK(xk, x) + b.(2.13)

αk is an adjustable parameter and xk is a training pattern. K is a predefined
function.

For symmetric kernel K,

K(x, x′) =
∑

j

ϕj(x)ϕj(x′).(2.14)

f(x) can be expressed in the following form by combining (2.13) and (2.14).

f(x) =
N∑

k=1

αkK(xk,x) + b =
N∑

k=1

αk

D∑

j=1

ϕj(xk)ϕj(x) + b(2.15)

=
D∑

j=1

[
N∑

k=1

αkϕj(xk)

]
ϕj(x) + b.(2.16)
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Therefore, (2.12) and (2.13) are the same type of function when wj is as follows.

wj =
N∑

k=1

αkϕj(xk).(2.17)

wj is called the direct parameter and αk is called the dual parameter.
Various kernel methods are used to create hyperplanes. There is a linear kernel

method, which creates a hyperplane at a higher level in order to maximize the margin
for classification. To overcome the limitations of the linear kernel, the proposed non-
linear kernel is typically a polynomial kernel and a radial basis kernel. With the
kernel approach, you can simply calculate with a dot product, avoiding expensive
computation processes and achieving the desired results in a relatively short time.

Polynomial function :

K(x, x′) =
(
x · x′ + 1

)d
.(2.18)

Radial basis function :

K(x,x′) = exp
(
−γ

∥∥x− x′∥∥2
)

.(2.19)

2.4. Artificial Neural Network The Artificial Neural Network (ANN) was initi-
ated by attempting mathematical modeling of biological brains. In the basic math-
ematical modeling, input the part corresponding to the synapse of the brain wi · xi

accumulate the electrons and charge them into the cell membrane by summing the
variables. The activation function f(x) is defined as the part of the neuron that
determines whether to generate an output signal based on the input signal. In the
modeling of McCulloch and Pitts [9], a neuron is a binary threshold device that
determines whether to generate another output by the sum of the signals of each
neuron.

Activation function:

f(x) =

{
1, if

∑m
i=1 wi · xi + b > 0

0, otherwise.
(2.20)

The perceptron algorithm for learning neural networks was first introduced by
Rosenblatt [11]. In the perceptron, the input weight of the neuron, wi,j , has been
improved by learning. tj is the target output of the jth neuron, yj is the actual
output of the jth neuron, and η is the learning rate.

wi,j ← wi,j + η (ti − yj) · xi.(2.21)
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The backpropagation algorithm was discovered by Rumelhart et al. [12]. Using
the backpropagation algorithm and the gradient descent method, we were able to
modify the weights while minimizing errors. This has enabled multi-layer percep-
tron. In the case of multi-layer perceptron, the activation function usually uses the
sigmoid function as follows.

φ (x) =
1

(1 + e−x)
.(2.22)

Multiple perceptrons consist of three or more layers with one or more hidden
layers. Each layer is connected to every node in the next layer. For input xi, let nth

layer be an and the matrix of weights connected to the next layer W n. Each layer
an can be defined as follows.

a1 = xi(2.23)

an = φ(W nan−1).(2.24)

The final output value can be defined as hW (xi) as follows.

hW (xi) = an = φ(W nan−1) = φ(W nφ(W n−1an−2)) = · · · .

Using hW (xi), the cost function is calculated in the following form.

J(W ,xi, yi) =
1
2

M∑

m=1

(hW (xi
m)− yi

m)2.(2.25)

This cost function is a simple quadratic cost function(2.25), and the most widely
used is the cross entropy cost function(2.26)

J(W , xi, yi) =
1
2

M∑

m=1

[
yi

m log(hW (xi
m) + (1− yi

m) log(1− hW (xi
m)

]
.(2.26)

The neural network uses the back propagation algorithm to advance the learning
step to minimize the cost function, and the value of W changes to minimize the cost
function.

3. Research Data

In this study, daily closing prices of 1986 days (KOSPI200 indexes from January
2, 2009 to December 29, 2016) were used as the model estimation and data for
forecasting stock index. During the entire 8 year period, 75% of the 6 years (from
January 2, 2009 to December 30, 2014, 1492 days) were used as training data for
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learning, and 25% (From January 2, 2015 to December 29, 2016, 494 days) were
used as test data.

11 technical indicators were used as input data for stock index prediction. The
calculation method for each technical indicator is summarized below.

Momentum:

Momentum = Ct − Ct−n(3.1)

Momentum represents the price change over the past n days. It is calculated as
the price difference between the close price of day t (Ct) and the close price before
n days (Ct−n). If it is greater than 0, it indicates that the market is in an upward
trend. If it is less than 0, it means that the market is in a downward trend.

Rate-Of-Change (ROC):

ROC =
Ct − Ct−n

Ct−n
× 100(3.2)

ROC is a measure of relative momentum. The ROC is calculated by dividing the
Momentum value (Ct−Ct−n) by the close price before n days (Ct−n). If it is greater
than 0, it indicates that the market is in an upward trend. If it is less than 0, it
means that the market is in a downward trend.

Disparity index (Disparity 5, Disparity 10):

Disparity n =
Ct

MAn
× 100, where MAn =

n−1∑

i=0

Ct−i/n(3.3)

Disparity is a value representing the ratio of current close price (Ct) to moving
average during n days (MAn). If it is greater than 1, it means an upward trend. If
it is less than 1, it means a downward trend.

Williams %R:

Williams %R =
HHn − Ct

HHn − LLn
× 100(3.4)

Williams % R is a measure of how much it has fallen from recent highest high
price. The numerator is the highest high price for n days (HHn) minus the current
close price (Ct), the denominator is calculated by subtracting the lowest low price
for n days (LLn) from the highest high price for n days (HHn). For Williams %R,
0 to -20 means overbought, and -80 to -100 means oversold.

Commodity Channel Index (CCI):

CCI =
Mt − SMt

0.015Dt
(3.5)
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where Mt = (Ht + Lt + Ct)/3 , SMt =
∑n

i=1 Mt−i+1

n
, Dt =

∑n
i=1 |Mt−i+1 − SMt|

n

The CCI is a measure of whether average prices (Mt) are trending up or down
compared to the smoothed average price (SMt). Unlike Momentum, which uses only
close price (Ct), it uses average prices of high (Ht), low (Lt) and close price (Ct)
at time t. Mean deviation (Dt) and constant 0.015 are used for scaling. If CCI is
greater than 0, the market is in an upward trend and if it is less than 0, it is in a
downward trend

Percentage Price Oscillator (PPO):

PPO =
EMAn −EMAm

EMAm
× 100(3.6)

where EMA0
n =

n−1∑

i=0

Ct−i/n , EMAt
n = EMAt−1

n + (Ct − EMAt−1
n )× λ

PPO is an oscillator that measures momentum by calculating the difference be-
tween two exponential moving averages(EMAn, EMAm, n < m). EMAn is calcu-
lated as weighted sum of previous exponential moving average (EMAt−1

n ) and price
difference between close price (Ct) and previous EMA (EMAt−1

n ) using multiplier
(λ = 2/(n + 1)). Generally, if it is greater than 0, it shows an upward trend. If it is
less than 0, it shows a decreasing trend.

Relative Strength Index (RSI):

RSI =
RS

1 + RS
, where RS =

∑n−1
i=0 Upt−i/n∑n−1
i=0 Dwt−i/n

(3.7)

RSI is a momentum oscillator that measures the rate of price fluctuations. RSI
is calculated using the ratio of average gain (

∑n−1
i=0 Upt−i/n) to average loss

(
∑n−1

i=0 Dwt−i/n). The average gain is the average of the upside change (Upt−i) over
the last n days. The average loss is the average of the downside change (Dwt−i)
over the last n days. When RSI is above 70, it means overbought and when it is
below 30, it means oversold.

Stochastic Oscillator (Stochastic % K, Stochastic % D, Stochastic Slow % D):

Stochastic %K = StoKt =
Ct − LLn

HHn − LLn
× 100(3.8)

Stochastic %D = StoDt =
∑n−1

i=0 StoKt−i

n
(3.9)

Stochastic slow %D = StoSlowDt =
∑n−1

i=0 StoDt−i

n
(3.10)
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The Stochastic Oscillator is a measure of how much it has risen from its recent
low price. The nominator is the current price (Ct) minus the lowest low price for n
days (LLn), The denominator is calculated by subtracting the lowest low price for
n days (LLn) from the highest high price for n days (HHn). Stochastic %K stands
for an upward trend if it is above 50, and a downward trend if it is below 50. The
Stochastic %D value is calculated as the n day moving average of the Stochastic %K
value. The Stochastic slow %D value is calculated as the n day moving average of
the Stochastic %D value. Stochastic %D is slower indicator than Stochastic %K.
Stochastic slow %D is slower indicator than Stochastic %D

Each technical indicator was converted to a normalized value between [0, 1] for
use as input data. The output of the forecasting model is classified into 1(rising)
and 0(falling) according to the fluctuation of the stock price index. The model was
trained so that it would be 1 for a rise and 0 for a fall. As a result, (11×1,986)
values composed of values between [0, 1] were used as input data corresponding to
11 technical indicators for 1,986 days as a whole, and as a target value for the output
value, (1×1,986) time series data were used

In this study, binary classification is used, so the result is positive(1) or nega-
tive(0). True Positive(TP) means that the target value is positive when the predicted
value is positive, and False Negative(FN) means that the target value is negative
when the predicted value is positive. True Negative(TN) means true when the target
value is negative when the predicted value is negative, and false positive(FP) means
that the target value is positive when the predicted value is negative. TP, TN, FP,
and FN was used to calculate statistical values for measuring performance. Precision
is an indicator of how positive the data actually is. Recall is an indicator of the ratio
of positive and correct predictions for actual positive data. Accuracy is a value that
actually accounts for the exact predicted value. F1-score is a comprehensive index
of precision and recall. The calculation method is as follows.

Precision =
TP

TP + FP
, Recall =

TP

TP + FN

Accuracy =
TP + TN

TP + TN + FP + FN
, F1− Score =

2× Precision× Recall
Precision + Recall

4. Result and Comparative Analysis for Models

To compare the performance of the four machine learning models, various values
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were used as hyperparameter for each machine learning model in Table 2. Hyper-
parameter is the setting used to control the behavior of the learning algorithm.

Table 1. Hyperparameters of each model

Hyperparameter
k-NN k : 2, 4, 6, ..., 28, 30

Random Forest
Depth : 2, 3, 4, 5 / Feature : 2, 3, 4, ..., 10, 11
Trees : 50, 100, 150, 200, 250

SVM γ : 0.5, 1.0, 1.5, ...3.5, 4.0 / C : 5, 10, 20, 50, 100

ANN
Node : 10, 20, 30, 40, 50
Epoch : 30000, 60000, ...270000, 300000

Since there are different hyperparameters according to each machine learning
model, the range of values is specified according to the characteristics. In the case
of k-NN, the maximum number of k values for the number of neighbors is 30. In
k-NN, it is known that the smaller the k value, the more tendency to overfit. In
random forest, we changed it according to depth, feature, and tree value. The tree
represents the number of each decision tree, and the depth and feature determine
the structure of the forest. Tree from 50 to 250, depth from 2 to 5, and the number
of features was changed up to 11 which is the same number of input indicators. We
used the radial basis kernel for the SVM kernel and analyzed the results by changing
the hyperparameters γ and C. Generally, a smaller C value tends to under-fit, while
a larger C value tends to over-fit. γ values were compared sequentially from 0.5 to
4.0 and C values were analyzed from 5 to 100. In the ANN, the number of hidden
layers is fixed to 3, and the number of hidden layer node for each layer is changed
from 10 to 50. The learning rate was fixed to 0.00005, which was small enough, and
the epoch corresponding to the learning step was changed up to 300,000.

Figure 1. TR AC and TE AC of k-NN with various k
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In the results of estimating the direction of the KOSPI 200 index using k-NN, the
training accuracy (TR AC), test accuracy (TE AC), precision (PR), recall (RC) and
f1-score (F1-S) were used to analyze the predictive results. Accuracy is calculated
for training data and test data, while precision, recall, and f1-score are calculated
only for test data. First, the tendency to appear as a distinctive feature is that the
smaller the value of k, the larger the value of TR AC. The reason why TR AC is
high for a small k value is that the model is finely optimized in a narrower range.
On the other hand, TE AC does not become large unlike TR AC when the value
of k decreases. Because it is overfitted in a region where k is small. Therefore,
the hyperparameter should be set to reduce the generalization error of the machine
learning model. When the value of k decreases below 18, the value of TE AC
decreases (Figure 1). The TE AC value was the highest at 0.5142 when the k value
was 18.

Figure 2. TR AC and TE AC of random forest with various feature

In the results for random forest. The effect of tree number was the smallest
among the three hyperparameter values. Therefore the number of trees was fixed
to 150. The tendency that can be easily observed is that the larger the depth, the
larger the value of TR AC. In this case, as in the case of small k value in k-NN,
TR AC increases. Generally, the larger the depth in the random forest, the more
detailed the forest structure can be. In other words, it is possible to classify even the
detailed part, but it can be overfitted to training data. In the result of this study,
TR AC increases sequentially as depth increases, but TE AC does not increase and
generalization error increases. TE AC is largest when depth is 2, and generalization
error is the smallest when depth is 2 because the difference between TR AC and
TE AC is the smallest. When the depth is 2, the TE AC increases gradually as
the feature size increases, and the TE AC value decreases again when the feature is
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larger than 8 (Figure 2). Although we have 11 types of technical indicators used as
input data, we can see that the best result is obtained with 0.5304 for TE AC when
feature of random forest is 8. Another characteristic result of the random forest is
that the RC value is close to 0.9 when the depth is 2. This is because, when analyzed
together with the result that the PR value is near 0.5, the proportion of positive (1)
predicted values of in the random forest is larger than that of negative (0) predicted
values.

Figure 3. TR AC and TE AC of SVM with various C

In the result for the SVM, TR AC showed strong tendency to both γ and C

values. The larger the value of γ and C, the larger the TR AC, and when γ is 4, the
results are close to 0.7. As in the case of k-NN and random forests, TR AC increases
but TE AC does not increase significantly. This indicates that the greater the value
of γ and C, the more overfitting it shows. TE AC showed the best performance
when γ value was 2, and the highest value was 0.5466 when C value was 20 (Figure
3). In the SVM, unlike the random forest, the RC value did not increase excessively.
As the PR and RC values are maintained at values between 0.5 and 0.6, it can be
seen that the predicted value of SVM is relatively evenly distributed without being
biased to either positive (1) or negative (0).

In ANN, the number of hidden layers is fixed to 3, and the learning rate is
fixed to a sufficiently small value of 0.00005. Then, the number of nodes for each
layer and the epoch corresponding to the learning step are changed. As the epoch
increases, both TR AC and TE AC tend to increase until some point. However, in
the case of TE AC, there is a level where the TE AC value does not increase even
if the epoch increases. Especially, when the node is 40, the TE AC decreases even
though the epoch increases in the epoch more than 200,000. This result can be
regarded as the overfitting result where the generalization error increases because
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Figure 4. TR AC and TE AC of ANN with various epoch

TE AC decreases when TR AC increases. Unlike the results of the three machine
learning models analyzed earlier, the TR AC value of the ANN does not increase at
around 0.6, indicating that ANN has the smallest generalization error. As a result
of analyzing the characteristics according to the number of nodes, TE AC increases
when the number of nodes increases from 20 to 30, and the result shows that TE AC
decreases as the node increases to 40 or more. TE AC showed the best performance
when node value was 30, and the highest value was 0.5457 when epoch value was
210,000 (Figure 4). It shows that the number of nodes of ANN does not need to be
excessively larger than the number of input data.

Table 2. Comparative analysis for various models

TR AC TE AC PR RC F1-S
k-NN 0.5831 0.5142 0.5446 0.4692 0.5041
RF 0.5761 0.5304 0.5312 0.9173 0.6728

SVM 0.6381 0.5466 0.5714 0.5538 0.5625
ANN 0.6165 0.5457 0.5193 0.5385 0.5287
TR AC: training accuracy, TE AC: test accuracy,

PR: precision, RC: recall, F1-S: f1-score

Overall, analyzing the results of various machine learning models shows the ad-
vantages and disadvantages of each machine learning model. The best performance
results for TE AC and the returns generated from each model are compared in Table
4 and presented in Figure 4, respectively. First, the results of TE AC in SVM and
ANN are superior to k-NN and random forest. For the SVM and ANN, the TE AC
values were similar (0.5466 and 0.5457). Comparing the RC values according to the
model, the RC value in the random forest was around 0.9, which is a large value in-
dicating the result was biased toward a positive value. However, in SVM and ANN,
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Figure 5. Realized returns generated from each model
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the RC value was less than 0.6 and this suggest the bias problems in these models
are not conspicuous relative to the random forest. In summary, SVM and ANN
are superior to k-NN or random forests, which is partly in agreement with previous
research results mentioned in previous studies. Comparing the SVM and ANN, the
deviation of the TE AC value of the SVM was larger than that of the ANN by the
hpyerparameter. In ANN, if the epoch is large, the deviation of the result according
to the node is relatively small. From this point of view, ANN can be considered to
be more stable than SVM. In terms of speed, SVM has the advantage that it can
produce faster results than ANN.

5. Conclusion

In order to utilize various machine learning models in financial markets, we
applied KOSPI200 stock index return forecasting and compared the results. We
compared the results of the hyperparameters for each machine learning model and
analyzed the tendency of the results. In order to prevent overfitting, which is an im-
portant issue in machine learning, we selected a suitable hyperparameter to reduce
the generalization error. Comparing the predictive power according to the machine
learning model, SVM and ANN are superior to k-NN and random forest in terms
of TE AC and generalization error. In addition, SVM and ANN did not show bias
toward positive results that can be deduced from the high RC values observed in
random forests. Based on the comparison results of the machine learning models
analyzed in this study, further studies should explore better models for individual
financial markets.
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