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Abstract
Stock trend prediction is a challenging problem because it involves many variables. Aiming at

the problem that some existing machine learning techniques, such as random forest (RF) , proba-
bilistic random forest ( PRF) , k-nearest neighbor (KNN) , and fuzzy KNN ( FKNN) , have diffi-
culty in accurately predicting the stock trend (uptrend or downtirend) for a given date, a general-
ized Heronian mean ( GHM ) based FKNN predictor named GHM-FKNN was proposed. GHM-
FKNN combines GHM aggregation function with the ideas of the classical FKNN approach. After
evaluation, the comparison results elucidated that GHM-FKNN outperformed the other best existing
methods RF, PRF, KNN and FKNN on independent test datasets corresponding to three stocks,
namely AAPL, AMZN and NFLX. Compared with RF, PRF, KNN and FKNN, GHM-FKNN
achieved the best performance with accuracy of 62.37% for AAPL, 58.25% for AMZN, and

64.10% for NFLX.
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0 Introduction

The financial market plays an important role in the
resource allocation and operation of the modern econo-
my. In particular, the stock market and its trends are
highly volatile in nature, which attracts researchers to
capture the volatility and predict the future direction of
stock price movements, whether it is an uptrend or a
downtrend. Since the stock market generates a large
amount of non-stationary time series data dominated by
chaos every day, it becomes a challenging problem to
forecast the future trend of stocks based on past stock
data'"’ .

Although some theories such as the efficient mar-
ket hypothesis'?’
stated that stock market prices are essentially unpre-

and the random walk hypothesis'*’

dictable, many studies have elucidated that the stock
trend could be partially predicted with the use of text
mining and machine learning algorithms'*'. Technical
and fundamental analysis are the two major approaches
to predict the stock trend"’’. Technical analysis consid-
ers past price and volume to predict the future trend

while fundamental analysis is mainly based on macro-
economic analysis, industry analysis and company
analysi insights"®’. To achieve high profi
ysis to get some 1nsights™ ~. 1o achieve high proifits
with low-risk stocks, investors have used technical and
fundamental analysis to predict stock market price for

!, Therefore, accurate

investment decision making"
stock trend prediction is critical and fundamental to
minimize risks and maximize profits from stocks.

Over the past few decades, several computational
methods have been proposed to predict the future trend
of a specific stock or overall market'’’. Recent ad-

vances in stock trend prediction mainly fall into four

categories statistical approach, pattern recogni-
tion, machine learning, and sentiment analysis.
Bhuriya et al.'® implemented a statistical ap-
proach for predicting the Tata Consultancy Services
stock price based on five features, namely open, vol-
ume, high, low, and close price. They compared the
performances of regression model variants and reported
that the linear regression (LR) model had a confidence
value of 0. 97, outperforming the polynomial and Ra-
dial Basis Function regression models. Kim et al.

constructed a pattern-matching trading system based on
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a dynamic time-warping algorithm that identifies move-
ment patterns in morning market data and determines
afternoon liquidation strategy. Their approach can pro-
vide stable and efficient trading strategies with relative-
ly low trading frequency. Khan et al. "'’ implemented
stock market prediction using different machine learn-
ing classifiers and social media, news. They reported
consistent results using the random forest ( RF) algo-
rithm with 77. 10% accuracy under 10-fold cross-vali-

dation test. Kalyani et al.'®

created three different
stock trend prediction models using news sentiment
analysis to explore the relationship between news and
stock trends. The comparison results of RF, support
vector machine, and Naive Bayes algorithms showed
that RF was the best performing algorithm in all test ca-
ses, with accuracy between 88% and 92% . It is worthy
of note that one of the latest research using news senti-
ment analysis and technical indicators implemented in
big data computing platform-spark also reported RF was
the best performing model with a 63. 58% test accuracy
compared with LR and gradient boosting machine'"".
Recent study also showed that the probabilistic random
1AL

though above methods have achieved acceptable per-

forest (PRF) outperforms RF in noisy datasets

formance, they are still far from being accurate.
In this study, to develop a more accurate model
for predicting stock trends, a fuzzy k-nearest neighbor

( FKNN ) predictor based on generalized Heronian

Independent
testing dataset

Financial data

mean (GHM) called GHM-FKNN is proposed. GHM-
FKNN determines the stock trends associated with a
given date class labels (uptrend or downtrend) on the
nearest local Heronian mean vector using the k-nearest
neighbor ( KNN ) concept. The main algorithm of
GHM-FKNN can overcome the class domination of the
relative KNN by averaging all KNN vectors for each
class to fully explain the class distribution. The latest
datasets and nine features used in the recent study by
10-
fold cross-validation and independent tests were used to
evaluate model performance. GHM-FKNN is effective
and improves the prediction accuracy of future stock

Taylan et al. were collected and applied. Besides,

trends. The comparison results showed that GHM-
FKNN outperformed four existing predictors RF, PRF,
KNN and FKNN on independent test datasets.

1 Methods

In this study, the key idea of GHM-FKNN is to
make a binary classification prediction of whether a
stock is in an uptrend or a downtrend on a given day
based on some technical indicators and financial news
information. The prediction process of GHM-FKNN is
based on three main stages, namely data preprocess-
ing, feature encoding, and model construction and

evaluation. The framework of the GHM-FKNN method
is displayed in Fig. 1.
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Fig. 1 The framework of GHM-FKNN

1.1 Data preprocessing
At this stage, the raw data consists of two parts

financial data and financial news data. Financial data
the high-
est price of the day, the lowest price of the day, the

includes at least six features including date,
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opening price, the closing price, and the trading vol-
ume. Financial data needs to be converted to spread-
sheet format and missing values should be removed. Fi-
nancial news data are in a text format written in Eng-
lish. Financial news data are preprocessed based on the
following steps: (1) remove irregular characters with
regular expressions, (2) convert all letters to lower ca-
ses, (3) remove stop words, and (4) convert each
news text into word vector. All preprocessed data are
fed into the feature encoding stage.

1.2 Feature encoding

Highly inspired by a recent research which has
demonstrated the significance of technical indicators
and technical analysis in predicting the stock mar-
ket the same following nine identical features for
machine learning algorithms are also used.

(1) High

This feature refers to the highest price of a given
day.

(2) Close

This feature refers to the closing price of a given
day.

(3) Volume

This feature refers to the number of shares traded
over the course of a given day.

(4) Today_trend

This feature reflects the today’ s trend (uptrend or
downtrend) of a stock on a given date'"®’, which can
be formulated as
0 P, -P,=0
1 P.-P, <0 (D

where, P, and P, represent the closing price and the

Today_trend = {

opening price of a given trading day, respectively. To-
day_trend € {0,
and downtrend is encoded by 1.

1}, where uptrend is encoded by 0

(5) Tomorrow_trend

’

This feature reflects the tomorrow’ s trend ( up-
trend or downtrend) of a stock on a given date which

can be formulated as

0 P
1 P (2)

represent the closing price of the

-P, =0
-P, <0

tme tde

tme

Tomorrow_trend = {

and P

next day and the closing price of the current day, re-

where, P

tme tde

spectively. Tomorrow_trend € {0, 1}, where uptrend
is encoded by 0 and downtrend is encoded by 1.

(6) Relative strength index ( RSI)

This feature is a momentum indicator that evalu-
ates overbought or oversold conditions by measuring the
magnitude of recent price changes for various as-

[

sets'"*). The description of RSI can be represented as

RSI=100 -100/(1 + AvgU/AvgD) (3)
where AvgU and AvgD represent the average of all up
and down moves in the last N price bars, respectively.
N is the period of RSI. In this study, the period N is
fixed at 14.

(7) Simple moving average (SMA)

This feature is one of the most commonly used
technical indicators, referring to the average price of a

[14

stock over a set period of time'"*'. The description of

SMA can be written as
sMA=Lsp, (4)
Ni= !
where, P; represents the closing price in the last NV
price bars. N is the period of the SMA. In this study,
the period N is fixed at 14.

(8) Stochastic oscillator (SO)

This feature is a commonly used momentum indi-
cator that compares a specific closing price of a security
to its series of prices over a set time period . SO is
used to generate overbought and oversold trading sig-
nals, utilizing a bounded value range of 0 — 100 which
can be denoted as

50:(M)x100 (5)

H,-L,
where, P, represents the most recent closing price. Ly
and H, represent the lowest and highest price of the
previous NV trading sessions, respectively. In this study,
the period N was fixed at 14.

(9) Sentiment score

Some of previous studies have shown that news
polarity may influence changes in stock trends'®'""'*/.
Highly inspired by previous research, the same senti-
ment analysis approach for calculating sentiment score
are also adopted to analyze the preprocessed financial
news data''"’. The calculated sentiment score for each
news item ranges from —1 to 1. A news is positive if its
sentiment score is close to 1 and negative if its senti-
ment score is close to — 1. The news is neutral if its
sentiment score is around 0.

1.3 Model construction and evaluation
1.3.1 GHM-FKNN algorithm

In principle, after encoding the features, any sta-
tistical machine learning algorithm can be applied to
predict the stock trend. It is common practice to find a
suitable classifier that can accurately identify whether a
stock is in an uptrend or a downtrend. This paper main-
ly focuses on the improvement of KNN algorithm for its
good performances reported in Ref. [ 16 ]. The KNN al-
gorithm is a commonly used machine learning algorithm
that clusters samples by calculating their distances''”’.

The key idea of KNN is that if the majority of the KNN
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of a sample belongs to a class based only on distance
proximity, then the sample also belongs to a class.
Since the classification performance of KNN is usually
degraded on datasets due to the presence of outliers, a
new algorithm GHM-FKNN based on GHM is pro-
posed. GHM-FKNN combines the generalized Heronian
mean aggregation function with the classical idea of the
fuzzy KNN approach. The GHM-FKNN algorithm uses
KNN concept to determine the class labels of unclassi-
fied samples based on the nearest local mean vector.
Uptrend and downtrend are encoded by 0 and 1, re-
spectively. The pseudo code of GHM-FKNN algorithm
can be seen as Algorithm 1.
Algorithm 1  Pseudo code of GHM-FKNN

Input. X, the training data; C, the set of decision classes;

y, the object to be classified

Output ; Classification for y

Procedure Begin

1. Calculate the cosine distance d(y, x;), where x;, € X
(¢=1,2, -+-, n) and n is the number of samples in X.

2. Arrange the calculated n cosine distances in non-decrea-
sing order.

3. Take the first K distances from this sorted list and find

those K points corresponding to these K-distances.

Get the set of unique classes Cy among K points.

if length(Cy) = = 1 then

The class is the element of set Cy.

(@) RV T SN

7. output Class

8 :else

9.for each ¢ in C; do

10: Calculate the generalized Heronian mean h(c, closest-
Points, p, q).

11 Calculate the cosine distance d(y, h).

12. Calculate the fuzzy membership values of an unclassi-
fied sample to all K nearest neighbors.

13:  Arrange the fuzzy membership values in non-decreasing
order. The class with the highest membership degree is
the predicted class.

14. end
15: output Class
End

The main process of the proposed GHM-FKNN al-
gorithm is as follows.

Firstly, KNNs are obtained by arranging the cal-
culated cosine distances between the unclassified sam-
ples and training data. These KNNs are then grouped
into the classes they belong to. The cosine distance is

defined as
-
oyt s (6)

d(y, »)=1-
[

where y is the unclassified sample and X is the training
data with n samples; x, e X = {x,, x,, -, %, .

The previous study has shown that the Bonferroni
mean ( BM) based fuzzy k-nearest centroid neighbor
classifier is robust to outliers and can overcome class
domination of its neighbors in datasets with class imbal-

18
ance ™. However,

BM-based classifier have some
drawbacks, which redundantly considers the interrela-
tionship between two variables. Fortunately, the gener-
alized Heronian mean, a powerful multi-criteria deci-
sion making aggregation function in an information fu-

1 can deal with the interrelationship be-

sion system
tween two variables. In this paper, the GHM of each

class is calculated based on the grouped KNNs. Given

p, ¢=0 and a set of X = {x,, x,, ---, x,}, the GHM
of X can be defined as
1
2 n on ptq
P, q - = P q
GHM" " (X) _(n(n+l)i§u§ixi %, (7)

where each x, is normalized to have a range of values
between 0 and 1 using min-max normalization.

Since the unclassified sample has a degree of as-
sociation to all the classes that are available, a fuzzy
membership degree which provides a level of confi-
dence in the classification of the accompanying result-
ants is calculated. The class with the highest member-
ship value is the predicted class. The fuzzy membership
degree can be defined as

! 1
u, 2
;;‘(ny—aﬂaan

(8)

! 1
2y o =)
where [ is the number of classes, GHM, is the general-
ized Heronian mean vector for class ¢, and u, is 1 for
related class and O for other classes.

In this paper, GHM-FKNN algorithm and all ex-
periments were carried out using Python (v3. 6.4) and
scikit-learn ( v0.24.2) package. To avoid overfitting
and build the best prediction model, the grid search
strategy was applied to select the optimal parameter
pair K and (p, ¢) based on the training dataset.
1.3.2 Evaluation metrics

Four evaluation metrics, namely sensitivity (Sn) ,
specificity (Sp), accuracy ( Acc) and Matthews corre-
lation coefficient (MCC) are used to evaluate the per-
formance of predictors. These metrics can be formulated

as follows.
Sn:%\] (9)
Sp=% (10)
AcczTP+;§7:§%+FP (1)
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MCC =
TP xTN - FP x FN

(TP +FN) x (TN + FP) x (TP + FP) x (TN + FN)
(12)
where, TP (true positive) is the number of downtrend
labels predicted as downtrend labels; FP (false posi-
tive) is the number of uptrend labels predicted as
downtrend labels; TN (true negative) is the number of
uptrend labels predicted as uptrend labels; and FN
(false negative ) is the number of downtrend labels
predicted as uptrend labels.
1.3.3 Model selection and evaluation
10-fold cross-validation test was used to choose
the optimal parameters on the training datasets across
three stocks. Since each round of cross-validation in-
volves randomly partitioning the original dataset into a
training set and a testing set, the random seed value of
1996 was used to obtain repeatable splits when creating
folds for cross-validation. 22 pairs of parameters K and
(p, q) values were tried as K e {18,25,28,35,38,
45, 48, 65, 68, 85, 88 | and (p,q) e
{(1,5), (5,1)}, in which the combination of K and
(p,q) corresponding to the highest cross-validated Acc
value was regarded as the optimal parameter pair. It is
worth noting that K is the number of nearest neighbors
and (p,q) is the parameters pair for the generalized
Heronian mean. The model with the optimal combina-
tion of parameters for each stock is then considered the
best, i.e., the final prediction model of the proposed
predictor GHM-FKNN (Fig. 1). Finally, the prediction
models of RF, PRF, KNN, FKNN, and GHM-FKNN
are evaluated using independent test datasets for three
stocks, respectively.

2 Experimental results and analysis

2.1 Benchmark datasets

Three datasets corresponding to three stocks are
used to build the prediction model. These stocks were
also used in Ref. [ 15 ], namely Apple Inc. ( AAPL) ,
Amazon. com Inc. (AMZN) and Netflix Inc. ( NFLX).
Each dataset consists of two parts ;financial data and fi-
nancial news data, whose time period ranges from
2016-01-01 to 2020-04-01. Before applying to the pre-
diction model, data preprocessing and feature encoding
were implemented on three datasets ( Section 1). The
final dataset for AAPL, AMZN and NFLX consisted of
9 features with a total number of 1064, 1063, and
1066 instances, respectively. All final datasets were
then split into 80% training and 20% test sets for pre-
diction model construction and evaluation (Table 1).

Table 1  Stock market datasets used in this experiments

Training dataset Independent test dataset

Dataset  Total . . Total
Positive Negative
number number

AAPL 870 406 464 194 85 109
AMZN 869 391 478 194 82 112
NFLX 871 425 446 195 95 100

Positive Negative

2.2 Model establishment

In order to avoid overfitting and select the optimal
parameters for the prediction models, various hyper pa-
rameters of the five compared methods ( RF, PRF,
KNN, FKNN, and GHM-FKNN) were tested to train
the models, better adjust the model, and achieve high-
er accuracy by 10-fold cross-validation test ( Table 2).
The final prediction model of each compared methods
were then constructed by using the corresponding opti-
mal parameter combinations which could achieve the
highest cross-validated accuracy value. For the pro-
posed method GHM-FKNN, the impact of 22 combina-
tions of parameters K and (p, ¢) were investigated on
predictive performances of all three datasets ( Section
1). For the AAPL dataset, the candidate model with
the optimal parameters K =45 and (p, ¢) = (1, 5)
achieved the highest accuracy value of 54. 94% , which
was considered as the predictive model. For the AMZN
dataset, the highest accuracy value of 55.12% was
reached by K =68 and (p, ¢) = (5, 1), which was
applied to establish the final prediction model. For the
NFLX dataset, it achieved a much lower accuracy val-
ue than the other two datasets. The highest accuracy
value of 51. 79% was obtained by using parameters K
=88 and (p, q) =(1, 5).

In recent years, a series of improved Heronian
mean (HM) based aggregation operators have been uti-
lized to solve some multi-criteria decision-making prob-
lems'"”’ | such as GHM, generalized weighted Heronian
mean (GWHM ), and improved generalized weighted
Heronian mean (IGWHM ). To further investigate the
effect of HM application on stock trend prediction,
GWHM based FKNN ( GWHM-FKNN ) predictor was
implemented and tested using the corresponding optimal
parameter combinations of GHM-FKNN ( Table 2). Ten
different random seeds between 1 and 10 were set to
generate ten groups of repeatable weights vector W =
Cw,, w,, -+, wn)T, where w;, = 0(i = (1, 2, -,

n)) and 2wi =1.Given p, ¢ =0 and a set of X =
i=1

{x,, x,,,x,},the GWHM of X can be defined as
GWHM” (X) =

n n 1

2 P+
(G & Z o ') (13)
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The comparison results showed that GHM-FKNN
and GWHM-FKNN achieved relatively similar perform-
ance on the training datasets using 10-fold cross-valida-
tion test, but the classification accuracy of GWHM-
FKNN vary depending upon uncertain weights (Fig. 2).
Therefore, in this study, to avoid additional weights de-
termination and complex computation, GHM-FKNN was
chosen for final model establishment.

95617 —+AAPL —8—~AMZN -8-NFLX
0.55 4
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Fig. 2 The classification accuracy of GWHM-FKNN

using ten different random seeds

In this study, to explore the relationship between
financial news and stock trend, the effect of sentiment
score on classification accuracy was investigated
(Fig. 3). In the legend of Fig. 3, ‘S_used’ represents
the model using the feature of sentiment score; ‘S_un-
used’ represents the model without sentiment score as
additional input features. The results showed that the
prediction performance of GHM-FKNN can be im-
proved when adding additional feature sentiment scores
on the training datasets of AAPL and AMZN. However,
at some point, sentiment scores cause performance
degradation on the NFLX training datasets. This is to
say, the conservatism of the trend varies from stock to
stock.
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Fig.3 The effect of sentiment score on

classification accuracy.

2.3 Comparisons with existing predictors
To further demonstrate the performance of the GHM-
FKNN predictor, GHM-FKNN was compared with four ex-

Table 2 The optimal grid parameters of compared

methods on three training datasets

Method Dataset Grid parameters

Optimal parameters

maxDepth: [ 2, maxDepth:4,
3,41, numTrees: 10,
numTrees; [ 5, minInstancesPerNode 3,
AAPL 8,10, 12], minInfoGain ;0
minlnstancesPer-  featureSubsetStrategy ; "
Node:[1, 2, 3, auto",
4], impurity ; " entropy"
minInfoGain: [ 0,
1, 2] maxDepth :4,
RF featureSubset- m%mITr‘ees;5‘,P Node.2.
AMZN Strategy: [ " au- m%n nstdnc'es erNode ;2 ,
woom w . minlnfoGain 0,
to", all", : SubsetS Y
sqrt" " 10g2" ] i eatu”re u set'trat'('ag?f :.”
impurity : [ " oen- auto” , 1impurity: " gini
tI'Opy" , " gini" :I maxDepth;3 N
numTrees; 12,
minlnstancesPerNode ;2
NFLX T
minlnfoGain ;0
featureSubsetStrategy ;"' au-
to" , impurity ;" entropy"
AAPL ri_es}:ir;ators; 12, max_
n_estimators; [ 5, °© epth:
8,10, 12] n_ estimators; 8, max
PRF AMZN 7’ ’ - T -
max _depth: [ 2, depth:2
3 ’ 4] 1M £ .
NFLX n_estimators ; 12, max_
depth :4
n_neighbors: [ 18, " - neighbors: 68,
AAPL 25, 28, 35, 38, weights =" uniform ",
45. 48. 65. 68 algorithm ="auto"
85, 831, n _ neighbors: 48,
AMZN  yeights; [ " uni- weights = " uniform" ,
KNN fom ", " dis- algorithm =" auto"
tance" |,
algorithm: [ " au- pn neighbors: 45,
NFLX to", "ball_tree", weights =" uniform",
"kd _tree", " algorithm = " auto"
brute" ]
AAPL, n _ neighbors: n_neighbors ;48
AMZN (18, 25, 28, n_neighbors ;28
FKNN 35, 38, 45, 48,
NFLX 65, 68, 85, 88] n_neighbors ;68
AApL K:[18,25, 28, ks [p, q]:[1,5]
35, 38, 45, 48
AMZN ’ ’ ) ’
GHM- Npx 05-68.85.88], K68, [p,ql:[5,1]
FKNN [p, qJ: [[1,
ST ks, Tp, qli(1, 5]

isting predictors RF, PRF, KNN, and FKNN. Under 10-
fold cross-validation test, the proposed GHM-FKNN method
achieved relatively similar performances to RF, PRF,
KNN, and FKNN on the training datasets of three stocks
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(Table 3). It was demonstrated that Acc, MCC, Sn, and
Sp of GHM-FKNN are higher than those of RF, PRF,
KNN, and FKNN on the independent test datasets of three
stocks or relatively more comparable with them(Table 4).
For GHM-FKNN, compared with RF, PRF, KNN, and
FKNN, the Acc values of 9.28% , 8.25% , 5.15% , 8.25%
improvements were observed on the AAPL dataset, 3.61% ,
1.55% , 4.13% , 8.77% improvements were observed on
the AMZN dataset, and 0.52% , 11.79% , 9. 74% , 12. 82%
improvements were observed on the NFLX dataset. The
above evaluated results clearly illustrated that GHM-FKNN
is superior to RF, PRF, KNN, and FKNN.

Table 3  Comparison of five predictors on the training datasets

using 10-fold cross-validation test

Dataset  Predictor ~ Sn/% Sp/ % Ace/%  MCC

RF 37.68 85.99 63.45 0.27

PRF 15.22 86. 12 52.87 0.01

AAPL KNN 25. 64 83.08 56.32  0.10

FKNN 45.43 56.91 51.26  0.02

GHM-FKNN 37.20 70.71 54.94  0.08

RF 33.50 86. 61 62.72 0.24

PRF 18.21 84.62 55.00 0.04

AMZN KNN 17. 61 85.78 54.76  0.05
FKNN 38.38 58.73 49.47 -0.03

GHM-FKNN 21. 66 83.26 55.12  0.06

RF NA NA 65.5 NA

PRF 40. 14 66. 35 53.04 0.07

NFLX KNN 50.53 56.77 53.17 0.07
FKNN 50. 80 54.62 52.69  0.05

GHM-FKNN 48. 56
Results excerpted from Ref. [ 11].

56.30 51.79  0.05

Table 4 Comparison of five predictors on the
independent testing datasets
Sn/ % Sp/ % Ace/%  MCC
RF 25. 88 74.31 53.09 0.01
PRF 17. 65 82.57 54.12  0.01
AAPL KNN 32.94 76. 15 57.22  0.10
FKNN 48. 24 58.72 54.12  0.07
GHM-FKNN 48. 24 73.39 62.37 0.22
RF 29.27 73.21 54.64  0.03
PRF 20.73 83.04 56.70  0.05
AMZN KNN 18.29 80. 36 54.12  -0.02
FKNN 39. 02 57.14 49.48 -0.04
GHM-FKNN  29.27 79. 46 58.25 0.10
RF NA NA 63. 58 NA

Dataset  Predictor

PRF 35.79 68. 00 52.31 0.04
NFLX KNN 49. 47 59.00 54.36  0.09
FKNN 46.32 56. 00 51.28 0.02

GHM-FKNN  50. 53
Results excerpted from Ref. [ 11].

77. 00 64.10 0.29

3 Conclusion

Stock trend prediction has always been an active
and tricky area of the research. In this paper, a new-
classifier called GHM-FKNN is proposed for accurate
prediction of stock trends using a fuzzy k-nearest neigh-
bor model based on generalized Heronian mean. The
comparison results elucidated that GHM-FKNN
achieved the best performance with Acc of 62.37% for
AAPL, 58.25% for AMZN, and 64. 10% for NFLX,
outperforming four existing predictors RF, PRF, KNN
and FKNN on independent test datasets. GHM-FKNN
may become a useful tool for stock market analysis. It is
important to note that the accuracy of stock trend pre-
dictions by GHM-FKNN and other predictors may not
be so high due to the chaotic nature of stock prices, in-
sufficient publicly available stock news data and too
small benchmark datasets, etc. Fortunately, the growth
of financial big data and the development of data min-
ing have brought an opportunity to solve this problem.
Given that transformer’ s attention mechanism was suc-
cessfully exploited in some previous studies'™ *’ | the
Transformer-based model may show its values in classi-
fication tasks and there are several points in the train-
ing process that have further optimization potential.
Whether the above problems can be solved perfectly is
currently being explored by some other machine learn-
ing algorithms and results are expected to be released

in the next version of GHM-FKNN in future.
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