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Predicting stock price direction by using data mining methods

: Emphasis on comparing single classifiers and ensemble classifiers
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Abstract

This paper proposes a data mining approach to predicting stock price direction. Stock market

fluctuates due to many factors. Therefore, predicting stock price direction has become an important

issue in the field of stock market analysis. However, in literature, there are few studies applying data

mining approaches to predicting the stock price direction. To contribute to literature, this paper

proposes comparing single classifiers and ensemble classifiers. Single classifiers include logistic

regression, decision tree, neural network, and support vector machine. Ensemble classifiers we

consider are adaboost, random forest, bagging, stacking, and vote. For the sake of experiments, we

garnered dataset from Korea Stock Exchange (KRX) ranging from 2008 to 2015. Data mining

experiments using WEKA revealed that random forest, one of ensemble classifiers, shows best results

in terms of metrics such as AUC (area under the ROC curve) and accuracy.
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[I. Preliminaries

2.1 Previous Studies
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2.3 Data Mining

2.3.1 Single Classifier Decision tree
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Table 1. Classifiers for stock price direction prediction used in literature.

. Single classifier Ensemble classifier

Authors Year Feature Selection oT R NN SUM RF B BA ST
P. N. Rodriguez & A. Rodriguez. [4] | 2004 v v N N N
M. Kumar & M. Thenmozhi. [5] 2006 N N y v
Y. Kara et al. [10] 2011 v \

Information Gain,

Symmetrical

uncertainty,
L. P. Ni et al. [8] 2011 ReliefF, \

Cfs,

OneR,

Improved Fractal
J. Patel et al. [7] 2015 v N N
M. Ballings et al. [6] 2015 N v N N N

Chi-square
Y. Shynkevich et al. [11] 2016 Bi-normal v \/

Separation
This study Cfs N \ N \ N \ N N
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2.3.2 Ensemble Classifier
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[Il. The Proposed Scheme

3.1 Data and Variables

AT dolElE NICE H7F AR(F)NAM AFst=
KIS-valueol A =831t} 2008 d+F-E 20151 % 744 255 7]
Ao KOSPI| 4% fragdolrt. £ Al ARg-gt dlolE=
23 2o} S s 1097001, W4=2] W8-S Table
29} 2t} Yl5E e 118470, SIAke] 4= 377loltk. 2008
Y 20156704 71 AFARRe FAE7MR 38
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Table 2. Description of Features

No feature
1 Total assets growth
2 Tangible assets growth
3 Current assets growth
4 Inventories growth
5 Shareholder's equity growth
6 Net sales growth
7 Operating income growth
8 Income before income tax expense growth
9 Net income growth
10 No. of employee growth
11 Operating income to total assets
12 Income before income tax expense to total assets
13 Net income to total assets
14 Income before income tax expense
15 Net income before financial expenses to avg. total assets
16 Operating income to operating capital
17 Income before income tax expense to equity
18 Net income to shareholder's equity
19 Income before income tax expense to capital stock
20 Net income to capital stock
21 Income before income tax expense to net sale
22 Net income to net sales
23 Gross profits to net sales
24 Operating income to net sales
25 Total expenses to total revenue
26 COGS to net sales
27 Depreciation ratio
28 Depreciation/total cost
29 Personnel expenses/total cost
30 Taxes / Income before income taxes
31 Taxes / total cost
32 Financial expenses / total liabilities
33 Financial expenses / total borrowings
34 Financial expenses / total expenses
35 Financial expenses / net sales
36 Times interest earned—-operating act. basis
37 Times interest earned—operating income basis
38 Times interest earned—ordinary income basis
39 Times interest earned—income before income taxes basis
40 Dividend ratio
41 Dividend to net income
42 Coverage ratio
43 Debt coverage ratio
44 Loan efficiency ratio
45 EBIT/net sales
46 EBITDA/net sales
47 EBITDA/financial  expenses
48 Equity to total assets
49 Current ratio
50 Quick ratio
51 Cash ratio
52 Non current assets ratio
53 Non current assets to equity & LT liabilities
54 Total liabilities to shareholder's equity
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55 Current liabilities to shareholder's equity
56 Non-Current liabilities to shareholder's equity
57 Total borrowings to total assets

58 Total borrowings to shareholder's equity
59 Total borrowings/net sales

60 A/R to trade account payable

61 A/R to merchandise & finished goods

62 Trade account payable to inventories

63 Inventories to NWC

64 Non—Current liabilities to NWC

65 NWC to total assets

66 Reserves ratio

67 Reserves to total disposal amount of R/E
68 R/E to total assets

69 R/E to paid-in capital

70 Total CF to total liabilities

71 Total CF to total borrowings

72 Total C/F to total assets

73 Total C/F to net sales

74 Net CF to total borrowings

75 Total assets turnover

76 Equity turnover

77 Paid—in capital turnover

78 NWC turnover

79 Operating capital turnover

80 Non—Current assets turnover

81 Tangible assets turnover

82 Inventories turnover 1

83 Merchandise & finished goods turnover
84 Raw materials turnover

85 WIP turnover

86 A/R turnover

87 Trade account payable turnover

88 Inventories turnover 2

89 Net operating capital turnover

90 Value—added per employee

91 Net sales per employee

92 Income before income tax expense per employee
93 Net income per employee

94 Personnel expenses per employee

95 Avg. tangible assets, net of CIP per employee
96 Machinery & equipment per employee

97 Total assets per employee

98 Efficiency of investment—avg. total assets
99 Efficiency of investment—avg. tangible assets, net of CIP
100 Efficiency of investment—avg. machinery
101 Value added to net sales

102 Labor cost to value added

1083 Income before income taxes to value added
104 Personnel expenses to value added

105 Financial expenses to value added

106 Rent to value added

107 Taxes & dues to value added

108 Depreciation to value added

109 Closing price

3.2 Method

3.2.1 Feature Selection (FS)

E4FES RR/10S A93] Ao $UaP 542 W)
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3.2.2 Model Evaluation Criteria

A4 = AUC(Area under the Receiver operating
Characteristics)& #|-8-3th[19]. AUCE 4 iax] o] 2o A
A5 85(XF, True Positives, Sensitivity), 274X E(Y,
False Positive, l—Specificity)'a— Yeh= agZolt AUC

= 05%H A d5dES HepaL 19 7Pess 5
d=85S 7MY TPE True Positives, TN
Negatives, Pi= positives(event), N Negatives(non-event
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V. Results

4.1 Results for RQ1
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4.2 Results for RQ2
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Table 3. Features selected by FS

Feature

THA 2, 4,5 6, 11, 14, 16, 17, 18, 19, 20, 35, 39,
42, 45, 52, 56, 57, 59, 66, 68, 76, 109

TH2 2,4,11,12, 14,16, 17, 18, 19, 20, 35, 37, 39, 45,
52, 55, 56, 57, 58, 59, 65, 66, 68, 69, 95, 109

TH3 4, 11, 12, 16, 17, 19, 20, 35, 37, 38, 49, 52,
56, 57, 59, 66, 68, 69, 95, 109

TH4 11, 16, 17, 18, 19, 20, 21, 32, 35, 37, 39, 47,
57, 59, 66, 68, 69, 93, 109
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Table 6. Result of F-Test & Tukey Test

F-Test Tukey Test
sig. Comparison t-value sig. Comparison t-value sig.
TH1 AUC 0.000 RF-DT 6.4446 0.000 BA-DT 4.0707 0.126
Accuracy 0.000 RF-LR 7.5865 0.000 BA-LR 5.2126 0.000
RF-NN 7.2294 0.000 BA-NN 4.8555 0.000
RF-SVM 7.4064 0.000 BA-SVM 5.0325 0.000
TH2 AUC 0.000 RF-DT 6.8731 0.000 BA-DT 3.2588 0.141
Accuracy 0.000 RF-LR 8.9854 0.000 BA-LR 5.3710 0.001
RF-NN 7.5764 0.000 BA-NN 3.9621 0.033
RF-SVM 8.5413 0.000 BA-SVM 4.9270 0.003
TH3 AUC 0.000 RF-DT 9.3487 0.000 BA-DT 5.2942 0.000
Accuracy 0.000 RF-LR 9.1618 0.000 BA-LR 5.1072 0.000
RF-NN 9.4219 0.000 BA-NN 5.3673 0.000
RF-SVM 9.2487 0.000 BA-SVM 5.1942 0.000
TH4 AUC 0.000 RF-DT 10.2258 0.000 BA-DT 4.5839 0.000
Accuracy 0.000 RF-LR 9.4271 0.000 BA-LR 3.7851 0.000
RF-NN 8.7245 0.000 BA-NN 3.0825 0.000
RF-SVM 10.1280 0.000 BA-SVM 4.4861 0.000
g 5A4S geted o Ak wek 109719 54 F 2670
Table 4. Area under ROC ~ 19 A2 WE BN OBA ek o] ZHS o)1
DT | LR | NN | SWM | RF | AB | BA | ST | zyjrapo] ded 54 ANAT 35 drolis 545
TH1 | 0.69 | 0.65 | 0.59 | 0.50 | 0.81 | 0.60 | 0.75 | 0.50 Zo| ot AL WS Aukate] FAMbEE =S Zaa 5

TH2 | 0.72 | 0.65 | 0.67 | 0.50 | 0.81 | 0.53 | 0.75 | 0.50

=
TH3 | 0.68 | 0.61 | 0.65 | 0.50 | 0.81 | 0.55 | 0.74 | 0.50 A AHolt}.

TH4 | 0.71 | 0.63 | 0.65 | 0.50 | 0.81 | 0.54 | 0.74 | 0.50

Table 5. Analysis Result of Accuracy

For | DT| LR | NN |SVM| RF | AB | BA | ST REFERENCES
TH1 23 71.62| 70.48 | 70.84 | 70.66 | 78.07 | 71.54 | 75.69 | 70.75
TH2 26 65.72| 63.61 | 65.08 | 64.05 | 72.59 | 64.93 | 68.98 | 63.96
TH3 20 63.78| 63.96 | 63.70 | 63.88 | 73.13 | 65.02 | 69.07 | 63.97 [1] R Al-Hmouz, W. Pedrycz, & A. Balamash, “DeSCI”iDtiOH
TH4| 19 54.97| 55.77 | 56.47 | 55.07 | 65.19 | 55.07 | 59.55 | 55.07 and prediction of time series: A general framework of

Table 69 Wr2™ =E THel ts] AUCS} Accuracys &
T FAASE FosA Uit webA EE THolA APE
2E9} w7 9] A9 ddiER{7|9 vaste] B SAHoR
ogs B,

B
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