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Abstract

Nowadays wine is increasingly enjoyed by a wider range of consumers, and wine certification and

quality assessment are key elements in supporting the wine industry to develop new technologies for

both wine making and selling processes. There have been many attempts to construct a more

methodical approach to the assessment of wines, but most of them rely on objective decision rather

than subjective judgement. In this paper, we propose a data mining approach to predict human wine

taste preferences that is based on easily available analytical tests at the certification step. We used

sequential forward selection and decision tree for this purpose. Experiments with the wine quality

dataset from the UC Irvine Machine Learning Repository demonstrate the accuracies of 76.7% and

78.7% for red and white wines respectively.

» Keyword : Decision Tree, Wine Quality, Classification, Sequential Forward Selection

[. Introduction

fo
ro,
o
e
e
=
)
o
frtl
bl
1
il
r:(g
il
frtl
ol
EY
s
st
>
o
i)
=2
?‘_’,

O
)
rlo

O
=)
=2

>
i
=
o
D)

Hon A
ol %0,
w3

A WE FRFE IR SR, WA S5 X

B AT WEAY EEFE ovlgeh, AFANFR o
g siole) GolE W ANE Lot HEL $s
A EE FRAOR WEE AA Qe Aste] hEES ol
e ek @A) euelel stelol BiFske stel A B4
w2 Ak gk oleld Agel 4E shel Melel WAL
7Kret Sk, ol e ZlAEel shele] Fol e 2
4 200 9908 (11, et A2 shelel w7t Z7kshaN
s IEL Y INEE SO S L

B obg 23] o 57b itk o] stel Algel

-
FN
ol
oX,

o
ot
2,
R=)
vy
o
=
>
Irt
o
3
>
=
o,
Jo
-
M
ofy
NI
>
N
N

tot,

N

-

DK

o
:?1:1'

rir

> I
N
N
o,
o
&0 o o
N

=

=
i
v,

& 745 AEI7} ofd Qubalo] olate] 3
58 357 A 5 7 Juk dusow sele 2
7ol elste] Wt go AR W] olle
ek Fahaoln] e Ak} vlgol S Bkt Bk

2o rr odH 2o
o
=
=

otz
il
i

* First Author: Seunghan Lee, Corresponding Author: Dong Kun Noh
*Seunghan Lee(shleel0@hanyang.ac.kr), Dept. of Computer Science and Engineering, Hanyang University
**Kyungtae Kang(ktkang@hanyang.ac.kr), Dept. of Computer Science and Engineering, Hanyang University
***Dong Kun Noh(dnoh@ssu.ac.kr), Department of Smart Systems SW, Soongsil University

* Received: 2016. 12. 06, Revised: 2017. 01. 26, Accepted: 2017. 02. 08.

* This research was supported by the MSIP (Ministry of Science, ICT and Future Planning), Korea, under the
ITRC (Information Technology Research Center) support program (IITP-2016-H8501-16-1018) supervised by the
IITP (Institute for Information & communications Technology Promotion)



82

Journal of The Korea Society of Computer and Information

2 =2 42 o H% 1
= PAAYTE
Arektt, -4 oflel gk 7} E’“‘er ofele
7] A8 11709] B4 (Feature)S o= %
S5 2|(Information Gain)& FA3 5 7 & @
< AIZFe. & SFS (Sequential Forward Selection) %Li?/]
&3t SFS ¢uE|Ee SHES shviy AEA 71
AAA U (Decision Tree)E g} F7l6t= &
94 TAE ERE AT Aol A, olnf ARt
3 100 AEsinh AEHom APE GAEA
T RE SRIboIHE 1Y wks W 2 F4S EF
St 5= ARgo] ™, UC Irvine Machine Learning
Repositoryel] el dHolE|S AHESE S T 7439
IAYF-EZE o] &3l] Red wineZ} White winedl thaf 2z}
Y2y 76.04%, 78.70%2 A== 258 ¢ Jdes

F4E ERE 7 =
glshith

mE=E

[I. Related Works

A A&Ho R 9l F4 Hrle] tialA dlolE wlo|y
H o] AetE o] gk} Cortez et al [1, 18].
A

quality) Hlol8 A& AREst oA} A4 UF [2], [3]
&3+ WA1S A|¢k3kar, Daniele Grifoni et al [19]% 714
o] L% AMIE = Ao ue} TAT} oS AASE= v
o= dFdl= BTE N SISt flolA Aue 7|E A
Tohe g, B =AY Eeshets
&g ofolt]olE o] &3le] ¢l FAE EH3IUTH

2

=
=
A

o rQ > RN

[Il. Data Set

1. Wine Dataset
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2. Data Characteristic
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Table 1. Wine Quality Data Set
} Red wine(1,599) White wine(4,898)
Attribute(6,497) - -
min max mean min max mean
Fixed acidity (g(tartaric acid)/dm?®) 4.6 15.9 8.3 3.8 14.2 6.9
Volatile acidity (g(tartaric acid)/dm?®) 0.1 1.6 0.5 0.1 1.1 0.3
Citric acid (g/dm”) 0.0 1.0 0.3 0.0 1.7 03
Residual sugar (g/dm3) 0.9 15.5 2.5 0.6 65.8 6.4
Chlorides (g(sodium chloride)/dm?®) 0.01 0.61 0.08 0.01 0.35 0.05
Free sulfur dioxide (mg/dm?) 1 72 14 2 289 35
Total sulfur dioxide (mg/dm?) 6 289 46 9 440 138
Density (g/dm?) 0.990 | 1.004 | 0.996 | 0.987 | 1.039 | 0.994
pH 2.7 4.0 3.3 2.7 3.8 3.1
Sulphates (g(potassium sulphate)/dm®) 0.3 2.0 0.7 0.2 1.1 0.5
Alcohol 8.4 14.9 10.4 8.0 14.2 10.4
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Fig. 1. Importance of physiochemical indicators
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Fig. 2. Effect of key physiochemical indicators on the quality of red wines
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Fig. 3. Effect of key physiochemical indicators on the quality of white wines.
ArHog B3t HEE BE a5 Hgt slbe] Favt 2. Decision Tree Purity
Fohe A= 7 WA S dARth rolom] $EE C45 T SRAR NHAAYTE 45
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Table 2. Characteristic of Decision Tree S OM]H ? el & _:' qshel o] 4 ;j’
= A X 2] 3] 9= xS
+ Easy to understand model H o AA b CA5elA 718 < e A mes
* It is possible to use all variables ABSHA H=4| ©] A Information Gaing S43Fe] AEls}h
* Automatically excluldle vgnaples that 7l =4 Entropy [8], [9] & xEsleiA 24T 47} 9l
Advantages do not affect classification in model
building o}
Do not need assumptions such as
linearity or normality n
The ability to process data is less Entropy(S) = — Epilog D; (D
than that of neural networks or other i=1
Disadvantages statistical techniques
* It is important to the size of the sample S Zoj7 Ao WeHe UERT 9lon piE Zyx 9
used to construct the model
9 0 ) i ] o mE=
It is more useful than other techniques, o] HlEE YRl ok SIERYZF 0 o A9 B Qs
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classification or prediction = Zyao) oA 28 "o
Table 3. Component of the decision tree )
* The first node at the beginning Gam(S,A) = Entmpy(S) -
Root Node
of the tree structure. |Sv| (
. o Entropy(S,) 2
Child Node Two or more nodes that are v Vagars(4) |S| v
separated from one node
Parent Node * Upper node of child node _
= 44 A9 BE 5 ko] 43 AT AHgdle] T S
T inal Nod * A node located at the bottom end - an
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Internal Node
and the end node = Aol
* A series of nodes from root node
Branch
to end node
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3. Sequential Forward Selection

Sequential Forward Selection(SFS)[17] ¢85S 5

3 129l 54 3 AHe) 23 BEe PAolt 54 F
=5 HhH o Z FAEEM (Principal Component

Analysis)[20, 21]0] B& AFESAINE E4& Aesh= W
OS2+ SFS Y+ SFFS(Sequential Floating Forward
Selection)s9] WHES A5 AHEslar itk SFS& 718 1F

@3t Greedy Search Algorithme|tH15,16]. &7]o &8
o2 AFE A A oA BE B Fo| /M4 =8 AN S
Zh= el EAS AdEste] EFES st v
oA T WA HEES e BEAo] FUhE Tl EAHS
Z3e) BFAo] FAFTH14]. o2 A ZF dAd A EAE
S s Frkske A S wES] UrbaA g £ A4S
L5 UelE EANH SR YdH = A= 540
AAE R o] S o] &3 BFatdo AFPAL o] 3t
Aol A O o) A SFHEA] @A Ak 18 4= SFS €1
g5 TAEE Bk A vl AgelA Al
o g NN 4zte] N2 EAS Frtsta Hrtsle] H4 9

Mo 1
it
o,
tlo
o
N
N
ol
rr
o 4
it
o

1. State with the empty set
YO = @

2. Select the next best feature

xt = argmax[ J (Y + x)]
X&Y'y

3. Update
Yk+1:Yk+x+;k=k+1

4. Goto 2

Fig. 4. Sequential Forward Selection
algorithm flowchart

V. Experiment

1. Experimental results of Decision Tree using
Sequential Forward Selection
Sequential Forward Selection® AMg3te] 7zt E4& 3}
U 718kl oAb X[)h/]"‘[‘/] 5-fold Cross Validation A&
ﬂ‘ﬂ =435t} & 5, 62 H=9RlF sfo]Eejle] 7t B4
7hekel whEkA 47‘4 AEEE YenT 283 1

7, 82 SFS¢aElES AHEeHA e
daeE

e AAAU —‘f—@ﬂr SFS
o A5 1 e RIS Ul %92
o] TP, FP, Precision, Recall, F-Measure, Accuracy%L
=7 3hirt.

Table 4. Feature Selection
Feature
1. Fixed acidity
2. Volatile acidity
3. Citric acid
4. Residual sugar
5. Chlorides
6. Free sulfur dioxide
7. Total sulfur dioxide
8. Density
9. pH
10. Sulphates
11. Alcohol
Table 5. Red Wine Quality Feature Selection using

Sequential Forward Selection

Feature Accuracy(%)
11 69.8561
11,2 73.3583
11,2,7 73.6710
11,2,7,9 74.3589
11,2,7,9,10 75.2970
11,2,7,9,10,3 76.0475
11,2,7,9,10,3,8 76.0475
11,2,7,9,10,3,8,4 75.7973
11,2,7,9,10,3,8,4,5 75.1719
11,2,7,9,10,3,8,4,5,6 75.4846
11,2,7,9,10,3,8,4,5,6,1 74.6716

Table 6. White Wine Quality Feature Selection using
Sequential Forward Selection

Feature Accuracy(%)

11 69.0690

11,2 74.5610

11,2,9 75.9085

11,2,9,6,3 77.0518

11,2,9,6,3,5 77.5622

11,2,9,6,3,5,8 77.8481

11,2,9,6,3,5,8,1 78.1339

11,2,9,6,3,5,8,1,4 78.6035

11,2,9,6,3,5,8,1,4,7 78.7055

11,2,9,6,3,5,8,1,4,7,10 78.4810

¥ 55 9=94919) Information Gain o] ¥& S YE
A2 F7kebEA 5748 grolvh dl=ekle] 6w, 7
A EAE W A @t vlaste] 3HANH T o] Y
HA) g3 JEErt aske A B S0 9t BE 5
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Precision = TP+ FP (3
TP
Recall = TPI P (4)

Precision X Recall
£ Measure = Precision + Recall ®)

Accuracy = TP+ TNV 6)
Y= TPY FP+ TN+ FN

E 73 8 d=gjel dolel Azt solEstel Hlole] A&
EA A A8 BueF Agstel ¥ AREE nelFe
Ak gt daelFS G B3 1149 5
b3} grolth 1 A A4

=A% 2T A}

Table 7. Red Wine Quality Compare with Sequential
Forward Selection and Non Sequential Forward Selection

Non Sequential Forward Selection

TP Rate 0.736
FP Rate 0.241
Precision 0.778
Recall 0.736
F-Measure 0.756
Accuracy 74.6717%

Sequential Forward Selection

TP Rate 0.774
FP Rate 0.255
Precision 0.777
Recall 0.774
F-Measure 0.776
Accuracy 76.0475%

Table 8. White Wine Quality Compare with Sequential
Forward Selection and Non Sequential Forward Selection

Non Sequential Forward Selection

TP Rate 0.847
FP Rate 0.339
Precision 0.832
Recall 0.847
F-Measure 0.840
Accuracy 78.4810%

Sequential Forward Selection

TP Rate 0.844
FP Rate 0.326
Precision 0.837
Recall 0.844
F-Measure 0.841
Accuracy 78.7056%

VI. Conclusions

B epe o4 A% 48 ueEe Addel 542
4 5 SAAAIRE Agstel BRWEE RRa% 7]
Fo A AT AL AGSA B3 94 A PR A
Boo] RRHE Asurt &4 AF Hut o 29 e
AR AL BE BAS AESH ga Qe B9 A
Fool= BF A} Y HE Ae % 5 AU 1A
BE ARG QA% #4 A% A8 GaeEe Al
%9 £8A9 o A%E £5T 5 AT X 7,89

R %2 A8 A

UC Irvine Machine Learning
Repository®] Wine Quality dataset o|-&3dte] #X& &}
Atk AtE duys ke R % thkdt Wine Quality
datasetell tialx At SAEAE BgatA FoEM Y
& AeS AFE F A& Aotk ol ATt LHAE

oAl ok¢lE AEleh=t ¥ U2 71315 Aed 5 deS A

Aoltt.

REFERENCES

[1] P. Cortez, A. Cerdeira, F. Almeida, T. Matos, and J.
Reis, “Modeling wine preferences by data mining from

properties,” Decision  Support
Systems, vol. 47, no. 4, pp. 547-553, Nov. 2009

[2] A. Abdelhalim and L. Traore, “A new method for learning

physicochemical

decision trees from rules,” IEEE International
Conference on Machine Learning and Applications, pp.
693-698, Dec. 2009.

[3] M. A. Hussain, M. K. Rao, and A. M. Mahmood, “An
optimized approach to generate simplified decision
trees,” I[EEE International Conference on Computational
Intelligence and Computing Research, pp. 1-5, Dec. 2013

[4] A. Asuncion and D. Newman, UC Irvine Machine Learning

[Online] Available:

http://archive.ics.uci.edu/ml/index.html.

Repository,

[5] S. Shanmuganathan, P. Sallis, and A. Narayanan, “Data
mining techniques for modelling seasonal climate effects
on grapevine vield and wine quality,” IEEE International
Conference on Computational Intelligence,
Communication Systems and Networks, pp. 82-89, July
2010.

[6] B. Chen, C. Rhodes, A. Crawford, and L. Hambuchen,

“Wineinformatics: applying data mining on wine sensory



Wine Quality Assessment Using a Decision Tree with the Features Recommended by

the Sequential Forward Selection 87

reviews processed by the computational wine wheel,”
I[EEE International Conference on Data Mining
Workshop, pp. 142-149, Dec. 2014.

[7] J. R. Quinlan, “Improved use of continuous attributes
in C4.5,” Journal of Artificial Intelligence Research 4,
vol. 4, no. 1, pp. 77-90, Jan. 1996.

[8] I M. Mitchell, Machine Learning, McGraw-Hill

International Editions, 1997

[9] L. H. Witten and E. Frank, Data Mining: Practical Machine
Learning Tools and Techniques, Morgan Kaufmann;
Second Edition, 2005.

[10] R. Kohavi, “A study of cross—validation and bootstrap
for accuracy estimation and model selection,” In Proc.
International Joint Conference on Artificial Intelligence,
pp. 1137-1143, Aug. 1995.

[11] M. Hall, E. Frank, G. Holmes, B. Pfahringer, P.
Reutemann, and [. H. Witten, “The WEKA data mining
software: an update,” ACM SIGKDD Explorations
Newsletter, vol. 11, no. 1, pp. 10-18, June 1997.

[12] WineKorea, [Online] Available:
http://www.winekorea.asia/

[13] A Comissdo de Viticultura da Regido dos Vinhos Verdes,
[Online] Available: http://www.vinhoverde.pt/

[14] CM Lee and S.S Narayanan, “Toward detecting
emotions in spoken dialogs,” IEEE Transactions on
Speech and Audio Processing, vol. 13, no. 2, pp.
293-303, May 2005

[15] Chu Weibo, Zhu Bin B., Xue Feng, Guan Xiaohong,
and Cai Zhongmin, "Protect sensitive sites from
phishing attacks using features extractable from
inaccessible phishing URLs," IEEE International
Conference on Communications, pp. 1990-1994 June
2013.

[16] Ladha, L., Deepa, T., “FEATURE SELECTION
METHODS AND ALGORITHMS,” International
Journal on Computer Science & Engineering, Vol. 3,
no. 5, pp. 1787-1797 , May 2011

[17] Dimitrios Ververidis and Constantine Kotropoulos,
“Sequential forward feature selection with low
computational cost” European Signal Processing
Conference, pp. 1-4, Sept. 2005

[18] P. Cortez, A. Cerdeira, F. Almeida, T. Matos, and J.
Reis, “Using Data Mining for Wine Quality
Assessment, 'International Conference on Discovery
Science pp. 66-79, Oct. 2009

[19] Daniele Grifoni, Marco Mancini, Giampiero Maracchi,

Simone Orlandini and Gaetano Zipoli, "Analysis of Italian

Wine Quality Using Freely Available Meteorological
Information," American Journal of Enology and
Viticulture, pp. 339-346, Sep. 2006

[20] Sungmain Myoung and Chang-Hwan Oh, “Pattern
Recognition for Typification of Whiskies and Brandies
in the Volatile Components using Gas Chromatographic
Data” Journal of the Korea Society of Computer and
Information, Vol. 21, no. 5 pp. 167-175, May 2016

[21] Seok-Woo Jang, Moon-Haeng Hun and Gye-Younng
Kim, “Effective Handwriting Verification through DTW
and PCA” Journal of the Korea Society of Computer
and Information, Vol. 14, no. 7 pp. 25-32, July. 2009

Authors

Seunghan Lee received the B.S. degrees
in computer science and engineering
from Inje University, Korea, in 2014. he
currently joined the Department of
Computer Science and Engineering,

‘ Hanyang University, Korea.

His research interests include artificial intelligence and

machine learning.

Kyungtae Kang received the B.S. degree
in computer science and engineering and
the M.S. and Ph.D. degrees in electrical
engineering and computer science from
Seoul National University, Seoul, Korea,
in 1999, 2001, and 2007, respectively.

From 2008 to 2010, he was a Postdoctoral Research
lllinois  at

Associate  with  the  University of
Urbana-Champaign, Urbana, IL, USA. In 2011, he joined
the Department of Computer Science and Engineering,
Hanyang University, Korea, where he is currently an
Associate Professor. His research interests are primarily
in systems, such as operating systems, wireless systems,

distributed systems, real-time embedded systems, and the

interdisciplinary area of cyber-physical systems.

Dong Kun Noh received BS, MS, and PhD
degrees in EECS from Seoul National
University in 2000, 2002, and 2007,
respectively. He has been in University of
lllinois at Urbana-Champaign as a

postdoctoral researcher from 2007 to 2010.
He is currently an associate professor in department of
smart systems software at Soongsil University in Korea.
His research interests include cyber-physical system and

mobile communication.



