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Abstract

Heavy drinking refers to drinking exceeds the standard of moderate drinking or general social
drinking. Heavy drinking has serious negative effects on personal development and family, so the
analysis of the causes of alcohol abuse and the behavior prediction of heavy drinking are important.
Features include basic information (educational level, age, gender, country of residence, ethnicity)
and five-factor personality measures (Neuroticism, Extraversion, Openness to experience, Agreea-
bleness, Conscientiousness) as well as Barrett impulsiveness and impulsive sensations seeking. We
used machine learning-based decision trees, Naive Bayes, K-nearest neighbors, support vector ma-
chines, logistic regression and other classification methods to predict and analyze. Then we can
predict whether there is a tendency to alcohol abuse according to a person’s basic information and
personality characteristics. And the characteristics of alcoholics were analyzed: extroversion had a
great influence on drinking behavior; people with high openness were less inclined to drinking al-
cohol, as for other personality traits, the higher Neuroticism, Agreeableness, Conscientiousness,
Barrett impulsiveness and feeling seeking, the greater the possibility of drinking.
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( yi+ l) * precision * recall
F-measure =

»* (precision + recall)

* 1< k
F1:2 precision * recall

precision + recall
T HGEE AT RN SRR TR S T, AL R FR I A BIOREARSL, Bl ABEIER
FIRAZEH B RS A2 AFTE NN A MRS, B2 NATH BEHI5 AR5 B MRS A3
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Table 1. Description of evaluation indicators

F 1. N R EA

PN IRRR I A 55 B
W% %*100% B'100%
2 2
PEICE S %*1 00% %*100%
3 3
AL A B ,B
A, A B, B
* 2 3 % 0, * 2 3 % 0,
Fl 2i+i 100% 25+5 100%
A, A B, B

3. BIBkFESTALE
3.1. BEKIR

A FEEHE SRR 5 UCT Wi (http://archive.ics.uci.edu/ml/index.php) ] drug consumption ##i4E, dE
B0 1885 B UiFHILTK. BMZUERA 2408, a5

1) BEAGEE: HEK FEE. WA BAE. Mgk, R E R BUEWE 2.

2) PEMEIN R : HINE ARG AhmtE. JFchE. B, ™M), EmfrishtE. whsh
SRR, RS DN R AR R RE

P2 i (Neuroticism):  $8 55K A28 AR SE 47 4% 26 10K 30T 1 5

AR (Extraversion):  $RAMHIFRA, f@iR, B, FFORIFEE;

FEIS % (Openness to experience): AR 7, Gli& 77, FRBLmRAETE, T2 B R % 0F

KU (Agreeableness): AFRoC R 7 HIIAMEME, F4F, HEERE ARG L, WiEE;

P PE(Conscientiousness): I SEME, 28 IR 1 DL A BRIE = 38 H A 45

TR 3 NI B 1) 25 S Sl i 52 Uy 2 B 5 X SR S AH DG 1R 60 T ) A H 6 T RN R R 2 R

B R R B 1 (impulsiveness) B = 7 THIZHk: 56— NIREBAEL B EATS), B RESNIAEHSE
WA GWATEL, BT HRMEEAEIEE R, LRE 0 =J7 R ERE & — A ANt .

AN 3K (sensation seeking) FH B PEATBAE YRR LA, BRI 25 m R AT B B AH G

KGR BAALH, 153 & AR BE RAHEARIRE, %3 N —SEARRE.
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Table 2. Basic information values

2. AEAXEEEE

HEEH

RIS 23

Age
Gender

Education

Country

Ethnicity

1~24  25~34 35~44 45~54 55~64 65+

Female male

Left school before 16 years Left school at 16 years
Left school at 17 years

Left school at 18 years

Some college or university, no certificate or degree
Professional certificate/ diploma University degree
Masters degree

Doctorate degree

Australia

Canada

New Zealand

Other Republic of Ireland
UK

USA

Asian
Black
Mixed-Black/Asian
Mixed-White/Asian
Mixed-White/Black
Other
White

Table 3. Examples of values of personality factor characteristics

%= 3. MARERFHEABERS

Openness to

Neuroticism Extraversion experience Agreeableness Conscientiousness Impulsiveness  Sensation seeking
0.31287 -0.57545 -0.58331 -0.91699 -0.00665 -0.21712 -1.18084
1.23461 1.93886 1.65653 —0.15487 —0.52745 1.29221 1.2247

—0.67825 1.93886 1.43533 0.76096 -0.14277 —-0.71126 -0.21575
—-0.46725 0.80523 —0.84732 -1.6209 —-1.0145 —-1.37983 0.40148
—-0.14882 —-0.80615 —0.01928 0.59042 0.58489 —-1.37983 —-1.18084
0.73545 —1.6334 —0.45174 —-0.30172 1.30612 -0.21712 -0.21575
-0.67825 -0.30033 —1.55521 2.03972 1.63088 —-1.37983 —1.54858
—-0.46725 -1.09207 —0.45174 —-0.30172 0.93949 -0.21712 0.07987
—-1.32828 1.93886 —0.84732 —-0.30172 1.63088 0.19268 -0.52593
0.62967 2.57309 —0.97631 0.76096 1.13407 —-1.37983 —1.54858
-0.24649 0.00332 -1.42424 0.59042 0.12331 -1.37983 -0.84637
-1.05308 0.80523 -1.11902 -0.76096 1.81175 0.19268 0.07987
—-1.32828 0.00332 0.14143 -1.92595 -0.52745 0.52975 1.2247

2.28554 0.16767 0.44585 -1.6209 -0.78155 1.29221 0.07987
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3.2. HR(ALTE

TR ZUTHERE SO, 208 “HOREER” . “HERrEm” , SR HEEM” . ‘&
EANT, CEAAMMT, R, M CRERMEM , ARTTON TN, R CAREERT, “H
SRR, R, “RFEMEMT BN AMERT FEARDSEIBUEIZRN “month-"
AR R, PONIEEUOEE s K& < BRI , CRERMR T FIREARIRZEN “weekt” iﬁi
NEH R ULE, PMONERZREE .

4. BRI

AWFFILRESS APER Y, B0 T 2EAME B A5 2 15 B (8] () 5k R AT 0 b, 3 — A xs
AR PR T EL A A RS AT 0 BT o

4.1. FIREARERIRSTHN

4 1885 2 & 1) 2/3 fERUNZREE, 173 fERTINAE, #ATLLT 70T

1) i2H CART RIS HAT BT 752K RN 0 RAE T BEAZEAR A8 W, FHIEA T
B, PRAEfL SRR, DRI T TS B U AR ) 2 AT g R AR AR

WM graphviz ] ALAL B A ) samples 25 HE1Z 5 55 FIREASEL values 45 BRI OAEAR L.

iﬁﬁﬁ*ﬁﬂﬁ%iﬁﬁ%ﬁ' REEIERFE, #5749 None Kon AR, BRI FrA WH—75 fib g MFEAER 8 T
[F—2850, B RN RS FEARBUNT 20 RN AU R D REARS, 02870 RO B, iRl
ﬁ%&ﬁ*ﬂﬁjﬁﬂﬁﬁﬁih; Gy RN RO REARSL: A S R DR R M AU R
H/AE s TR AR S I8 2 RE R AR B

RS R 1 s .

Country=UK<0.5
gini = 0.45
samples = 1258
value = [430, 828]

class = monthyear

education=rofessional certificate/diploma < 0.5 thnicity=Asian < 0.5
gini = 0.475 gini=0.4

samples = 736
value = [286, 450]
class = monthyear

samples = 522
value = [144, 378]
class = monthyear

samples = 10
value = [7, 3]

value = [246, 344] value = [40, 106] value = [137, 375] class = weckday

education=Masters degree < (.5 age=18-24<0.5 educatlon—Umvers?/ degree <05

gini = 0.486 gini = 0.398 gini

samples = 590 samples = 146 samples = 512
class = monthyear class = monthyear class = monthxear

=18- — = \
agem118:204 4593'5 gini— 0,324 Zmi= 0431 il = 0352 education=Left rslfkio(())l e;t316 years < 0.3
sz%mples =536 samples = 54 samples = 89 samples = 57 se%:nples 447
5 value = [11, 43] value = [28, 61] value =[12, 45) value = [ 111, 336]
Cl C. Cl 2

vl = L 0] lass = monthyear lass = monthyear lass = monthyear

class = monthyear

class = monthyear

gini = 0.5 gini = 0.482 gini = 0.361 gini = 0.49
samples = 176 samples = 360 samples =419 samples = 28
value = [89, 87] value = [146, 214] value = [99, 320] value = [12, 16]

c c

lass = weekday class = monthyear class = monthyear lass = monthyear

Figure 1. Decision tree model

L ORERRE

2) W2, DIBEAE BOVRHIE R 45 R/ a0 F 44 4.
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Table 4. Polynomial Bayesian classification results

4. ZIA NS RKER

Precision Recall fl-score Support
Weekday 0.64 0.11 0.19 191
Monthyear 0.71 0.97 0.82 437

3) IS FAENE, SRRSOV AR K 5.

Table 5. Support vector machine classification results

=5 XFEENSELER

Precision Recall fl-score Support
Weekday 0.6 0.03 0.06 191
Monthyear 0.7 0.99 0.82 437

4) I KTARE, USEAE EONRFERZ R 6.

Table 6. K nearest neighbor classification results

= 6. KILSRED HKER

Precision Recall fl-score Support
Weekday 0.37 0.22 0.27 191
Monthyear 0.71 0.83 0.77 437

X L PA =R OE R 2 A R, DU B SR BB (0 RACR = R 3 AN I 11
TR R BT o

4.2. FIAMRFHES X5
1) 7 DU AR T SR BOR VAN, XA AR AE R 0BT, S5 R ILAE 7.

Table 7. Gauss Bayes classification results

= 7. SEIME S EER

Precision Recall fl-score Support
Weekday 0.37 0.15 0.21 191
Monthyear 0.70 0.89 0.78 437

2) I B R RV T VS AR REAE K 2 AT

EHFEIASHUNTT: 0.05528946. 0.18008346. —0.06434509. 0.03357274. 0.01287108. 0.01264426.
0.08029382 73 Il Xf RIARLE T AN TR . ACGEVE . TEEVE . IR AITE . rhElEGE TSR I REL
MHEET DA H A ) P e RO 7 AR R e e, TR, B SR Ty, QIE ), AREL R ARSI ANEAR
Wi SR, HALMERERIE, M, KENE, UM, EEGRR SRR TR, O T BE MR
Ko @R ARRZE R WL 8.

DA AR 7V B 4 O R AR B, i DU B S I 2R 5 RO
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Table 8. Logistic regression classification results

= 8. IBBEIFNHLER

Precision Recall fl-score Support
Weekday 0.42 0.04 0.08 191
Monthyear 0.70 0.97 0.81 437

5. B&

BB A 2 ORI O B, YABAT 70 7 2 AR RFTF0 1 R P IRAL, ML 1 2 Ml A,
SR, WRANBEAT A, ARE S e B, WM ER, o B AL ISR E R, AR R
B HEARHEAVERSRAE, JERE T AR5 N X LSRR R 0 2 5 B Wi AT O B BB S, T DU
FHRHUR A EREAT T T, 93D DRI 7 3 R ) S R T AR SG B 0 b B s, WG IR 3R S BN 47
PIMATR. ASCE M THLER 20 5 Far2RT5E, 70 nI SR AE BAERS KA 0 AT AR ISR, St il
AR R RORBEAT V- . ) JUMR RIS T ANRIRCR, RO, WRYE &R S &
W, fE 5 MhorITrikrt, BRI 4 595 AT DU AT R M RN 704, RIS A X G AT A
BOREEME, TECHE BN EAV T, AR RRAE T, M, AENE, PRENE, TR
PEAIRGE 3 RoB mr, PCBAT REVEBOR .
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