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Predicting Stock Liquidity by Using Ensemble Data Mining Methods
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Abstract

In finance literature, stock liquidity showing how stocks can be cashed out in the market has
received rich attentions from both academicians and practitioners. The reasons are plenty. First, it is
known that stock liquidity affects significantly asset pricing. Second, macroeconomic announcements
influence liquidity in the stock market. Therefore, stock liquidity itself affects investors' decision and
managers' decision as well. Though there exist a great deal of literature about stock liquidity in
finance literature, it is quite clear that there are no studies attempting to investigate the stock
liquidity issue as one of decision making problems. In finance literature, most of stock liquidity
studies had dealt with limited views such as how much it influences stock price, which variables are
associated with describing the stock liquidity significantly, etc. However, this paper posits that stock
liquidity issue may become a serious decision—-making problem, and then be handled by using data
mining techniques to estimate its future extent with statistical validity. In this sense, we collected
financial data set from a number of manufacturing companies listed in KRX (Korea Exchange) during
the period of 2010 to 2013. The reason why we selected dataset from 2010 was to avoid the
after—shocks of financial crisis that occurred in 2008. We used Fn-GuidPro system to gather total
5,700 financial data set. Stock liquidity measure was computed by the procedures proposed by
Amihud (2002) which is known to show best metrics for showing relationship with daily return. We
applied five data mining techniques (or classifiers) such as Bayesian network, support vector machine
(SVM), decision tree, neural network, and ensemble method. Bayesian networks include GBN (General
Bayesian Network), NBN (Naive BN), TAN (Tree Augmented NBN). Decision tree uses CART and
C4.5. Regression result was used as a benchmarking performance. Ensemble method uses two types-—
integration of two classifiers, and three classifiers. Ensemble method is based on voting for the sake
of integrating classifiers. Among the single classifiers, CART showed best performance with 48.2%,
compared with 37.18% by regression. Among the ensemble methods, the result from integrating TAN,
CART, and SVM was best with 49.25%. Through the additional analysis in individual industries, those
relatively  stabilized industries like electronic appliances, wholesale & retailing, woods,

leather—-bags—shoes showed better performance over 50%.
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Study 2

Stock liquidity prediction analysis between industry
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Table 3. Categories of Amihud
(Categories of Stock liquidity measurement depending on
its value)
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Table 2. Descriptive Statistics
Variable | Average gg?,?ﬁ?éﬁ |1_8;2/er Median %JBK;D
b
Amihud | 1.7695 12.9337 0.005 0.069 2.045
WAL 0.322 0.150 0.155 0.308 0.499
MCAP 23.89 4.362 16.04 24.82 27.04
CAPX 1'%89* 9'354* 211805 | 565881 7'83*
10 10 10
PBR 1.3259 1.8490 0.3715 | 0.9378 2.587
ROA 0.000674 | 0.2197 ~0.105 | 0.0276 RelEe
BHAR -0.06 0.439 -0.55 -0.03 0.455
R A i Er N Rt T
VOL -3.05 1.267 -3.93 -3.40 0.282

3. Hypothesis validity model
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V. Experiment

Study 1

Develop a model to predict stock liquidity
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Table 4. Results of stock liquidity prediction accuracy
using data—mining methods and logistic regression

S "% U9 | Acouracy()
Regression(Logistic) 46.99
GBN-K2 47 .42
GBN-HC 47.8

NBN 47.41

TAN 48.12(%)
C4.5 46.97

CART 48.42(x%)
SVM 47.84
Artificial neural network 46.4
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Fe %92

Z29 19l 'CART W} u)astd
HolA = e Uth(p>0.10).

=L o =g E e T3 CARTHH (++p<.05), TAN  Table 6. Results of stock liquidity prediction accuracy
= = oy = using 3—ensemble data—mining methods
WAGp<10E Folul ol5e) ol nolw gik olye) A o9 Soensemble ¢ g
_ - nsemplie methods using
W2 G Qe HlRE JATAS HF HEEY] AITAE | three olassifiers AeaEas)
S1o] =] - = = SR ia © 48.429
Folsl= fos 22 ATS AU, 74 5L o231 Criteria : CART (Accuracy : 48.42%)
- = _ . o = S ol GBN-K2 GBN-HC NBN 48.5
ZHAAE 5o Holde 1T 4 Tt GBN—K2 GBN-HC | TAN 48.41
Tt table 39 Ao M= BE d=Ho] 50%S WA £l GBN-K2 GBN-HC C4.5 47.82
- - - GBN-K2 GBN-HC CART 48.63
oli=g] o|a]st Ayl A A] ALL-5l= d] Alslo] Q) o
shizdl, olel@ Ak ATl ALk bl Algel sivk olol RS e O o
T Mol A= PFEE S o] &8t d5EE £ o Eola Artificial
- GBN-K2 GBN-HC neural 48.44
Z} f\s—h:]' network
GBN-K2 NBN TAN 48.48
GBN-K2 NBN C4.5 47.83
&S clole{ojold 7|H & YAE 2HHO
1.2. 74 2. Holsiolold JIe & Yai welol | io - e
FA 834 o &5 0= ZIAE = U AHolch GBN-K2 NBN SVM 48.77
Artificial
GBN-K2 NBN neural 48.71
Table 5. Results of stock liquidity prediction accuracy network
using 2—ensemble data—mining methods GBN-K2 TAN C4.5 48.04
Ensemble methods using o GBN-K2 TAN CART 48.83
two classifiers Accuracy(%) GBN-K2 TAN SVM 48.84
Criteria : CART (Accuracy : 48.42%) Artificial
GBN-K2 GBN-HC 48 GBN-K2 TAN neural 48.63
GBN-K2 NBN 48.05 network
GBN_K2 TAN 48l45 GBN-K2 C4.5 CART 47.85
: GBN-K2 C4.5 SVM 47.59
GBN-K2 C4.5 47.12 —
Artificial
GBN-K2 CART 48.44 GBN-K2 C4.5 neural 48.07
GBN-K2 SVM 48.29 network
T GBN-K2 CART SVM 48.75
GBN-K2 47.76
network Artificial
GBN-H2 NBN 48.58 GBN-K2 CART neural 48.72
network
GBN-H2 TAN 48.5 A : :
rtificia
GBN-H2 C4.5 47.52 GBN-K2 SVM neural 48.5
GBN-H2 CART 48.6 network
GBN-H2 SVM 48.96 GBN-HC NBN TAN 49.09
GBN-H2 Artif\ciil neural 47 95 GBN-HC NBN C4.5 48.28
networ GBN-HC NBN CART 49
NBN TAN 48.61 GBN-HC NBN SVM 49.14
NBN C4.5 47.56 Artificial
NBN CART 48.71 GBN-HC NBN neural 49.01
NBN SVM 48.13 network
o GBN-HC TAN C4.5 48.3
NBN Artificial neural 48
hetwork GBN-HC TAN CART 49.04
TAN ca5 481 GBN-HC TAN SVM 49.08
TAN CART 48.99 Artificial
GBN-HC TAN neural 48.62
TAN SVM 48.94 network
Artificial neural = 4 48 1
TAN etwork 47.84 GBN-HC C4.5 CART 8.19
GBN-HC C4.5 SVM 48.07
C4.5 CART 47.52 —
Artificial
C4.6 SVM 47.54 GBN-HC C4.5 neural 48.01
Artificial neural network
ca.7 47.2
network GBN-HC CART SVM 49.07
CART SVM 48.55 Artificial
ifi i GBN-HC CART neural 48.73
CART Artificial neural 47.94 network
Artificial neural Artificial
SWM network - 47.41 GBN-HC SVM neural 48.47
network
B " NBN TAN C4.5 48.48
2] ER71E AR FEE WelA= TAN+CART'  [\en TAN CART 49.07
Wiol g $5% E5ES nglon el BRIA by [N TAN Sv 49.02
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Artificial
NBN TAN neural 48.81
network
NBN C4.5 CART 48.26
NBN C4.5 SVM 47.89
Artificial
NBN C4.5 neural 47.21 1
network
NBN CART SVM 48.65 |
Artificial '
NBN CART neural 48.82
network
Artificial
NBN SVM neural 48.57
network . s !
Fig. 1. Roc curve when class is 'very low
TAN S5 CIT 48.41 (Area under ROC= 0.9305)
TAN C4.5 SVM 48.48
Artificial
TAN C4.5 neural 48.3 Study 2
network
TAN CART SVM 49.25(*) Stock liquidity prediction analysis between
Artificial :
TAN CART neural 48.82 industry
twork o = -
:\e Vt“’; — AT 1% B8 3Helgk “TAN+CART+SVM' RelS 7k 3
rtificia _
TAN SVM neural 48.66 ATS o] F4A fE5A d=S AAEgith aga EF
network
e oS s Aejel el dSee slsE B ATl A F
Artificial 1,51870¢] 3|AF 5 742kl Abglel i@l tlolEl ] Wae
C4.5 CART neural 48.25 o _ _ ey
network et or] AT 22 9Iste] 201340 Fshe *J?j%‘ 4
cas | sum hewal ©' | 47,84 oEIE A 4 fEAE AFHA
network
Table 8. Descriptive statistics in each industry
el BRVIE ARSE E wdANe Number | A/orag8 ©f
= - Descriptive statistics of o
“TAN+ CART+SVM' o] 7}% Fo A58 Y ° cample | lauidity
- - (Amihud)
tt:zs], \;}O] HE7§,AQ.~ 7}AF &_8_ A3=E ] 8]
=2 d EH71E AHESIE W P e AdE UEd Food %8 0,502
'CART’ 9] o583} f-<ou|st X]'o](p<0 1005 B4 AHE Chemicals and chemical
l . 44 0.601
Mo E3le] tho] folEnlely wa O o o=mo products
7] H= © 0]'0:1 = ﬂ ] 1 ]’ ] 2l }' —1 5 = O:ﬂ_' 1= (Except pharmaceuticals)
Hols RES A8 = i) ot Axtel ik dHAE Rubber and plastic 71 1.012
AZH e g 4 Ytk ol Wol ek uES) At <)a} Leather, bao and shoes G | oer
ood and wood products .
ANE HH o] Ao 7 3 by vEE 3 ol
AdEe] gel Ay Ak aeieh 7HAaL <1z Petroleum 142 1.568
AE X3S ¢ ot FFE HHE oA S 26k Man | © 1. paper and 229 0.351
. an —baesd manufacturing )
o) ot AE 303} 2= 97 paper
o] wheel 1 A SRl 4 §l7] WEelth ?fac Printing and recorded media 31 0.9299
"TAN+ CART+ SVM' 9 9] Sensitivity, Specificity, F-1 gum replication ]
Tobacco 82 0.1901
value & ROC ABE o Fds
= % FLHQ} E]— Furniture 34 1.2145
Clothing, Clothing accessory
. \ o , . 32 0.8072
Table 7. Detailed results of 'TAN+CART+SVM' including and fur clothing
sensitivity, specificity, f-1 value and roc area Textile(Except clothing) 40 0.1546
- N N E= 56 Automobile and trailer 19 0.5886
lass ensitivity pecificity Measure R Area Electrical and electronics 46 15.73
VERY 0.697 0.766 0.73 0.93 Semiconductor 67 10.71
LOW Shipbuilding 7 0.5146
I’\_A(l)l\:/)VDL 0.399 0.401 0.4 0.756 Service 58 151
£ 0.321 0.284 0.302 0.711 Wholesale and retail trade 55 0.248
HIGH 0372 0.379 0.376 0.748 Finance and insurance 40 0.822
VERY Transportation 147 0.594
HIGH 0.621 0.615 0.618 0.887 Mining 92 0.655
Construction 27 9.84
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Table 9. Results of
using 'TAN+CART+SVM'

stock liquidity prediction accuracy
in each industry

Stock liquidity prediction accuracy in 2013 Accuracy
(TAN + CART + SVM) (%)
Electrical and electronics 60.86
Leather, bag and shoes 52.67
Wood and wood products 52.37
Wholesale and retail trade 50.13
Food 49.19
Eglp?ér—pt?;eesrda%danufacturing 46.49
Tobacco 45.56
Printing and recorded media replication 45.52
Rubber and plastic 45.41
Petroleum 447
Mining 44 .02
Semiconductor 43.28
g,llgttrk]]il;]gg, Clothing accessory and fur 43.08
Automobile and trailer 42 11
Transportation 42.06
Chemicals and chemical products 406
(Except pharmaceuticals)

Furniture 40.08
Rubber and plastic 39.01
Service 38.07
Finance and insurance .75
Shipbuilding 35.00
Construction 25.5
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