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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.
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[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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1. Decision Tree
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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
erminal Node of each tree root. Entropyoﬂ DH?J’ 7]£H%l”é‘ L]'E]"?HD]' “Jra]r"i Gam(S A+ ’iT
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Internal Node
and the end node = Aol
* A series of nodes from root node
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to end node
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3. Sequential Forward Selection

Sequential Forward Selection(SFS)[17] ¢85S 5
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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 74350t} & 5, 62 HE=9RlF sfo]Eejle] 7t B4
7hekel whEkA 47‘4 AEEE eI 183 X

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 A3 gt vlaste] 3UANH T o4
H7) g3 LT}t aske A E S St 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.
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