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Data mining approach to predicting user’s past location
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Abstract

Location prediction has been successfully utilized to provide high quality of location-based services

to customers in many applications. In its usual form, the conventional type of location prediction is to

predict future locations based on user's past movement history. However, as location prediction needs

are expanded into much complicated cases, it becomes necessary quite frequently to make inference

on the locations that target user visited in the past. Typical cases include the identification of

locations that infectious disease carriers may have visited before, and crime suspects may have

dropped by on a certain day at a specific time

predict locations that users visited in the past.

demographic information and movement histories.

-band. Therefore, primary goal of this study is to

Information used for this purpose include user's

Data mining classifiers such as Bayesian network,

neural network, support vector machine, decision tree were adopted to analyze 6868 contextual

dataset and compare classifiers' performance. Results show that general Bayesian network is the

most robust classifier.
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[I. Preliminaries
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[1l. Proposed Schemes

3.1 Data and Variables
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Table 1. Variables
Variable Definition
Day of Week Day went to school
Arrival Time Time when arrived at building
Depart Time Time when departed from building
Path1 Way passed firstly
Path2 Way passed secondly
Path3 Way passed at third time
Path4 Way passed by fourth time
Path5 Way passed by fifth time
Building Name Building visited
Activity Code An activity played in building
Gender Gender
Age Age
Major Major
Grade Grade
Military Before and after of military service
Religion Religion believing
Monthly Allowance Monthly allowance by parents
Smoking Smoking or not smoking
Lover Has a lover or not

Weekday Leisure Type of leisure in weekday

Weekend Leisure Type of leisure in weekend

Vacation Leisure Type of leisure at vacation

Lunch Leisure Type of leisure at lunch time

Leisure Utility The use of leisure
Leisure Satisfaction Satisfaction of leisure
Housing Housing type
Arrival Transportation Transportation use when go to school
Departure Transportation use when leave school

Transportation

usual study time without lecture and

Average Study Time period of exam

Monthly Mobile Phone
Fee

Monthly mobile phone fee

3.1.1 Feature Selection (FS)
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Fig. 1. AUC per single classifiers after FS
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Table 3. Comparison between before FS and after FS
(FS: Feature Selection)

Single classifier(Before FS) Single classifier(After FS)
Name Accuracy AUC Name Accuracy Precision Kappa AUC TPR FPR F-measure
(%) (%) (%)
DT 73.1509 0.907 DT 74.3114 57.9245 0.4938 0.896 0.5747 0.0826 0.5569
GBN-K2 66.5685 0.901 GBN-K2 71.7824 70.9927 0.6793 0.921 0.7308 0.0571 0.7135
GBN-HC 74.1382 0.928 GBN-HC | 74.4847 72.7464 0.6991 0.929 0.7463 0.0474 0.7305
NBN 59.0161 0.878 NBN 60.1420 66.8849 0.6253 0.886 0.6849 0.0630 0.6700
SVM 68.4046 0.893 SVM 71.2848 71.4131 0.6834 0.906 0.7325 0.0500 0.7116
TAN 64.3166 0.891 TAN 70.9149 66.6191 0.6364 0.916 0.6954 0.0626 0.6717
NN 61.0821 0.858 NN 71.0203 70 .6005 0.6594 0.896 0.7105 0.0577 0.7032
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Wk Aot} 95%<] JE—JTzoﬂH AUCA wﬂzhgol 0.277  °lA TAN, DT, NBN, NN 721 AUC®] =Wo| A TAN, DT,
o]al Accuracy, Precision, Kappa®4#], TPR, FPR 22]a.  SVM, NBN, NN¢} #9u]3l Zjo]E& molt} Fe4= %—9—
F-measure?] §-9]3+5-2 EF 0.00022 0.052c} Gl W&k FPRAIA = GBN-HC7}F 71 vtorm SVM, GBN-K27} th&-2
AUCE A|9I3H 6719] SHolA EAFE A TdBF7]9 B4 & yr} FPRY|A GBN-HCE GBN-K2, TAN, DT Lg]x
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o 1=}
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offl 1x
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=
=
1 F-measureZ Hlﬁ—f‘}‘:} Table 4= ?ﬂl

Ir

e,

weh 5455S B85 A Eiol Bad Aue 58 Pk -
A7 dSES F4 B AsAZ = Ut geo = v Name Clars?me Clarszme Difference P-value
. - ) ers e ()
&g o] 45k duEES | flEte] §4FE o 9 GBN-Kz 1 0.0755 0442
RRIES 95%0) AT AR B Tukey? TAN | 0.0509 0.000
- - DT 0.1716 0.000
Lo 0] 235 EIRTAS -
9= ]0 0}04 ]J.Ll‘q Accuracy GBN-HC SUM 0.0138 0585
Table 42 Lddu)x] E2HEA A3} Accuracy, Precision, NBN 0.0614 0.000
Kappa®A4l%], TPR, FPR Z1¥]il F-measure® 2850 ggN—KZ 8'83?2 8'22;
5 0.0008.2 0.058T @35 & itk wEA BE F TAN 0.0612 0.000
Aol GdEF7] Abele] Ztol7h 917 Wil Tukey?d 8& Precision | GBN-HC S\IM g:;ii g‘ggg
o] g&te] rARF7|=S vt} Tukeyd Aol A37} Table NBN 0.0586 0.000
59 Yl e} Table 304 GBN-HC7} & SWHolA 7} NN 0.0214 0.223
oy o — _ GBN-K2 0.0205 0.325
=7l wiEd GBN-HCE FAHoR Hluwghd. 94, TAN 0.0634 0.000
Accuracy?] WX GBN-HC7} 7Md =l I ggo2:e Kappa aBN-Hc 2T 0.2061 0.000
SVM 0.0164 0.593
DTJ—"]' GBN_K27]' i?}\'ﬂ NBNO] 7]'%3]' %E]' NBN 0.0746 0.000
NN 0.0404 0.001
GBN-K2 0.0104 0.161
Table 4. ANOVA-test Results TAN 0.0207 0.000
DT 0.0656 0.000
F-test between before and after FS F-test after FS AUC GBN-HC SUM 0.0201 0.000
Name P-value Name P-value NBN 0'0332 O-OOO
Accuracy 0.000 Accuracy 0.000 NN 0'0372 O-OOO
Precision 0.000 Precision 0.000 GBN-K2 0'01 55 0'444
Kappa 0.000 Kappa 0.000 TAN 0'0509 O-OOO
AUC 0.277 AUC 0.000 oT 0.1716 O‘OOO
TPR 0.000 TPR 0.000 TPR GBN-HC SUM 0'01 38 0.585
FPR 0.000 FPR 0.000 NBN 0.0614 0.000
F-measure 0.000 F-measure 0.000 NN Ol0358 0'001
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GBN-K2 | —0.0096 0.008
TAN ~0.0151 0.000
DT ~0.0351 0.000
FPR GBN-HC Foum ~0.0125 0.956
NBN ~0.0155 0.000
NN ~0.0002 1.000
GBN-K2 | 0.0170 0.396
TAN 0.0587 0.000
F- DT 0.1735 0.000
measue | CENTMC gum 0.0188 0.276
NBN 0.0604 0.000
NN 0.0272 0.027

Hodgoa EA3 Ad} Accuracy: GBN-HC, DT,

GBN-K2, Z1g]a SVMe] ¢Ajolt), T3k AUCS] SHA &
GBN-HC, GBN-K2, TAN, 2l SVMe] Aot}
Precision, TPR, FPR ~18]al F-measure?] 4]+ GBN-HC,

SVM, GBN-K29¢] <=4 ¢]t}. Kappa®A|X|&= GBN-HC7} 7}ZL
=i 5 HARZE GBN-K2¢ A & &= 9tk 99 d3s
npek o & GBN-HC$ GBN-K27} o] &8 o] 7}4 =2 A 7H91

719 o B ] ek A & 5 ek we, 3

2FgelZ A GBNo| wi§- &b olot

Table 6. Best 3 classifiers based on analysis

Name Comparison  after Value
FS
GBN-HC 74.4847
Accuracy(%) DT 74.3114
GBN-K2 71.7824
GBN-HC 72.7464
Precision(%) SVM 71.4131
GBN-K2 70.9927
GBN-HC 0.6991
Kappa SVM 0.6834
GBN-K2 0.6793
GBN-HC 0.929
AUC GBN-K2 0.921
TAN 0.916
GBN-HC 0.7463
TPR SVM 0.7325
GBN-K2 0.7308
GBN-HC 0.0474
FPR(low) SVM 0.0500
GBN-K2 0.0571
GBN-HC 0.7305
F-measure GBN-K2 0.7135
SVM 0.7032
V. Concluding Remarks
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