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Asian Ethnic Group Classification Model Using Data Mining
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In addition to identifying genetic differences between target populations, it is
also important to determine the impact of genetic differences with regard to
the respective target populations. In recent years, there has been an increasing
number of cases where this approach is needed, and thus various statistical
methods must be considered. In this study, genetic data from populations of
Southeast and Southwest Asia were collected, and several statistical approaches
were evaluated on the Y-chromosome short tandem repeat data. In order
to develop a more accurate and practical classification model, we applied
gradient boosting and ensemble techniques. To infer between the Southeast
and Southwest Asian populations, the overall performance of the classification
models was better than that of the decision trees and regression models used in
the past. In conclusion, this study suggests that additional statistical approaches,
such as data mining techniques, could provide more useful interpretations for
forensic analyses. These trials are expected to be the basis for further studies
extending from target regions to the entire continent of Asia as well as the use
of additional genes such as mitochondrial genes.

Key Words: Y-chromosomal short tandem repeats; Statistical models;
Decision trees; Data mining; Ensemble model
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Table 1. Details of populations analyzed

Population Sample size Data source
Vietnam 46 Seoul National University
Nepal 69
India 23
Vietnam 45 Purps et al. [16]
Philippines 798
Singapore 104
India 298
Total 1,383

1) HjoJE| 25 2 ME2/

Holg £ AAL RyPS L2, 1=
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Fig. 7. Gradient boosting and decision tree (chi-square) ensemble model separation rule tree.
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Table 2. Composition of data
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6 DYS19
7 DYS391
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15 DYS390

16 DYS439

17 DYS392

18 DYS643

19 DYS393
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25 Q=R AHHT] Q) Table 4904 71 EF
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1) JEHCIDE AL U ONIZFLITO| YYE B
CEEE

Table 5= I CAE H
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Table 3. The results of data splitting and under sampling

Category Dataset Count Target rate
Raw data Y_STR_Raw 1,345 72.0:28.0
Data partition Train dataset 846 72.0:28.0

Validate dataset 364 72.0:28.0

Test dataset 135 72.0:28.0
Under sampling  Train dataset 470  50:50:00

(under sampling)

Validate dataset 204  50:50:00

(under sampling)
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Ho|E{oto| WS 0|83t OFAJOL PIE B 28 2= [ AR e 39
&A17) ATfoltk, Table 58 HH sl AHGE fA%4 A o]Rg FAske A% TFE o] YTk 53 obrlel A<
524 % 57he) Wi4Se] RREAS FEAE U 2 A% A AAS) g2 gaet 1f PR oed Yo
?'5}711 AHEE As & 4 Aok 53] DYS392¢9F DYS390& tf 2 &3] F7hstal Qlrk o] WoA & A mle A9
2 WSt 1SS &8t ol 523 HyEEE AMEE]
L g 2 % itk Fig 78 TeUE 12y 2 oapEy
Ue dE RO BRELE AU O S Table 5. Ensemble model variable importance
ANA 28 EFEYFo|n. Variable importance
Variable Count of split rules - -
Train Validate
LA DYS$392 1 1 1
DYS390 2 0.68 0.649
T 5o A AAE F8 ded YUY Ade | DYS448 1 0.256 0.193
o] 9n] Qe PAEE 55t = S o] &dstal, 1 DYS643 1 0219 0.13
Zhedele A7) ol A9 Aoz RE [E = DYS438 1 0.193 0279
Table 4. Result of classification model
Misclassification rate ROC index
No. Model Resampling - - - -
Train Validate Test Train Validate Test
1 GB and DT (Chi-square) Bagging 0.038 0.068 0.044 0.996 0.975 0.992
Ensemble
2 GB and DT (Chi-square) Boosting 0.044 0.063 0.037 0.995 0.973 0.99
Ensemble
3 DT (Entropy) and Bagging and boosting 0.046 0.073 0.037 0.995 0.978 0.992
DT (Entropy) Ensemble
4 GB and DT (Gini) Ensemble Boosting 0.046 0.078 0.037 0.995 0.968 0.992
DT (Gini) and DT (Gini) Bagging and boosting 0.055 0.092 0.037 0.993 0.969 0.994
Ensemble
6 DT (Chi-square) and Bagging and boosting 0.057 0.083 0.037 0.993 0.977 0.992
DT (Chi-square) Ensemble
GB and DT (Entropy) Ensemble - 0.063 0.087 0.044 0.98 0.966 0.985
GB and DT (Gini) Ensemble - 0.063 0.087 0.044 0.98 0.966 0.985
GB - 0.065 0.063 0.044 0.981 0.966 0.984
10 GB and DT (Chi-square) - 0.067 0.087 0.052 0.98 0.966 0.984
Ensemble
1 GB and DT (Entropy) Ensemble  Bagging 0.069 0.083 0.037 0.981 0.972 0.987
12 DT (Gini) - 0.069 0.083 0.052 0.95 0.955 0.969
13 DT (Entropy) - 0.069 0.083 0.052 0.95 0.955 0.969
14 GB and DT (Gini) Ensemble Bagging 0.071 0.078 0.037 0.98 0.971 0.988
15 GB and DT (Chi-square) Bagging 0.071 0.087 0.037 0.98 0.971 0.988
Ensemble
16 DT (Chi-square) - 0.076 0.083 0.059 0.948 0.954 0.967
17 T (Chi-square) Bagging 0.08 0.073 0.067 0.963 0.97 0.989
18 T (Gini) Bagging 0.08 0.073 0.067 0.963 0.97 0.989
19 DT (Entropy) Bagging 0.084 0.083 0.059 0.973 0.966 0.983
20 T (Gini) Boosting 0.137 0.248 0.163 1 0.962 0.993
21 T (Chi-square) Boosting 0.149 0.15 0.126 1 0.973 0.993
22 DT (Entropy) Boosting 0.179 0.238 0.185 1 0.977 0.991

ROC, receiver operation characteristic; GB, gradient boosting; DT (Chi-square), decision tree model using chi-square statistics; DT (Entropy),
decision tree model using chi-square (entropy) statistics; DT (Gini), decision tree model using chi-square (Gini) statistics.
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