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Multi-Label Classification Approach to Location Prediction
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Abstract

In this paper, we propose a multi-label classification method in which multi-label classification

estimation techniques are applied to resolving location prediction problem. Most of previous studies

related to location prediction have focused on the use of single-label classification by using

contextual information such as user’s movement paths, demographic information, etc. However, in this

paper,

we focused on the case where users are free to visit multiple

locations, forcing

decision—-makers to use multi-labeled dataset. By using 2373 contextual dataset which was compiled

from college students, we have obtained the best results with classifiers such as bagging, random

subspace,

relevance(BR), binary pairwise classification (PW).

and decision tree with the multi-label classification estimation methods like binary

» Keywords: Location Prediction, Multi-Label Classification, Data mining, Classifiers
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[l. Multi-Label Classification Methods

2.1 Fundamentals of MLC
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[l1l. Experiment and Results

3.1 Data Sample
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Table 1. Variables

Variable Remarks(# of classes)

Building Name

Building names which users visited
(19)

Activity Code

Activities done in buildings (17)

Gender

male or female (2)

Age age (2)
Major majoring departments (15)
Grade grades (4)
. whether military services were done
Military
(2)
Religion name of religions (5)
Monthly Allowance monthly allownace amounts (8)
Smoking smoking or not (2)
Lover whether users have girl (boy) friends
(2)
Weekday Leisure types of leisures in weekday(5)
Weekend Leisure types of leisures on weekend(5)
Vacation Leisure types of leisures in vacation days (5)

Lunch Leisure

types of leisures in the lunch time (5)

degree of perceived utility from leisure

Transportation

Leisure Utility activities (5)

Leisure degree of perceived satisfaction from
Satisfaction leisure activities (5)

Housing types of housing (5)

Arrival types of transportation when
Transportation commuting to school (5)

Departure types of transportation when going

home after school(5)

Average Study
Time

amount of time spent for daily study

(8)

Monthly Mobile
Phone Fee

average mobile phone fee paid on a
monthly basis (8)

Table 2. Name of Buildings

ID# Building Name
1 Hoam Hall
2 Toegye Hall Of Humanities
3 International Hall
4 Suseon Hall
5 Dasan Hall Of Economics
6 Business Building
7 600th Anniversary Building
8 Law Building
9 Central Library
10 Suseon Hall Annex
ih! Student Union
12 East Gate
13 Front Gate
14 Outside Campus
15 Basketball Court
16 Large Playground
17 Geumjandi Square
18 Faculty Hall
19 Rear Gate
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Table 3. Results by Error, Accuracy, Precision, F1 Measures
Hamming Loss and One Error Sl Accurgcy & SRS F1 Measures
Precision
Method HL Method OE Method SA Method AP Method EF Method MiF Method MaF
BA_BR 0.076 | DT_PW | 0.389 BA_LPW | 0.426 | BABR | 0.69 BA_PW 0.517 BA_PW | 0.537 DT_PW 0.399
BA_CC 0.077 | BA_PW 0.39 | BA_MCC | 0.389 | RS_BR | 0.676 | DT_PW 0.504 DT_PW | 0.504 AB_PW 0.381
BA_MCC | 0.077 | BA_BR | 0.398 DT_PW | 0.388 | RF_BR | 0.638 | AB_PW 0.467 | BA_MCC | 0.472 BA_PW 0.381
RS_PW 0.077 | RS_BR | 0.403 DT_CC 0.382 | AB_BR | 0.635 | BAIMCC | 0.447 AB_PW | 0.469 DT_CC 0.32
RS_BR 0.078 | AB_PW | 0.436 | DT_MCC | 0.382 | DT_PW | 0.615 | DT_CC 0.441 DT_CC | 0.463 | DT_MCC 0.32
NN_BR 0.08 | BA_MCC | 0.446 BA_CC 0.372 | AB_PW | 0.613 | DT_MCC | 0.441 DT_MCC | 0.463 AB_CC 0.32
RS_CC 0.08 RF_BR | 0.461 RS_PW 0.37 | DT_BR | 0.605 | NN_PW 0.432 DT_BR | 0.462 | AB_MCC | 0.319
RS_RAKEL | 0.08 AB_BR | 0.466 | AB_MCC | 0.368 | NN_BR | 0.603 | AB_MCC | 0.431 BA_CC | 0.462 AB_BR 0.313
RS_MCC 0.08 BA_CC | 0.466 | AB_CC 0.366 | ST_BR | 0.576 | AB_CC 0.429 NN_PW | 0.461 DT_BR 0.302
DT_BR 0.081 NN_BR | 0.467 | NN_PW | 0.359 | LR_.BR | 0.573 | BA_CC 0.428 BA_BR 0.46 | AB_RAKEL | 0.295
BA_RAKEL | 0.081 DT_BR | 0.473 | RF_MCC | 0.352 | BA_PW | 0.568 | RS_PW 0.425 RS_PW | 0.455 | BA_MCC | 0.285
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Table 4. Contributions of Classifier and MLC Estimation
Methods in Hamming Loss and One Error

Hamming Loss One Error Sum

BA 4 BA 4 8

RS 5 RS 1 6

AB 0 AB 2 2

. RF 0 RF 1 1
Classifier o7 ] DT 5 3
NN 1 NN 1 2

LR 0 LR 0 0

ST 0 ST 0 0

PW 1 PW 3 4

MLC, ) CC 2 CC 1 3
ﬁs“mat'o MCC 2 MCC 1 3
Methods BR 4 BR 4 8
RAKEL 2 RAKEL 0 2

Table 5. Contributions of Classifier and MLC Estimation
Methods in Subset Accuracy and Average Precision

Subset Accuracy Average Precision Sum
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Classifier o7 3 DT > s
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Table 6. Contributions of Classifier and MLC Estimation
Methods in F1 Measures

Example F1 Micro F1 Macro F1 Sum
BA 3 BA 4 | BA 2 9
RS 1 RS 1 RS 0 2
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Table 7. Best Classifiers and MLC Estimation for
Performance Metrics
Performance Classifier MLC Estimation
Metrics
Hamming Loss, Bagging, Random
One Error Subspace BR. PW
Subset Accur;py, Bagging, Decision BR. PW
Average precision Tree
Example F1, Micro Decision Tree,
F1, Macro F1 Bagging, Boosting PW, MCC

Table 8. Worst
Performance Metrics

Classifiers and MLC Estimation for

Performance Classifier MLC Estimation
Metrics

Hamming Loss, Logistic Regression,
One Error Stacking RAKEL
Subset Accurg;y, Log|stv|c Regression, RAKEL
Average precision Stacking

. Logistic Regression,
Example F1, Micro Random Forest, RAKEL
F1, Macro F1 )

Stacking

[V. Conclusions
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