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Objectives: A classification tree is one of the statistical tools that is widely used in the data mining field. It is useful for making statistical decisions, for

example, in medical, biology, and business management area. In this paper, we examine newly developed classification tree algorithms and compare
them with real examples in medical study, and provide a guideline to select appropriate methods for data analysis. Methods: For the comparison, we
used four clinical datasets from UCI (University of California, Irvine) repository. We divide each data to 2/3 training and 1/3 test data set. After fitting the
models with various R packages (tree, rpart, party, evtree, CORElearn and randomForest), misclassification rates for training data and test data are calcu-
lated separately. Also, specificity and sensitivity are calculated for test data. This procedure is repeated 200 times and compare misclassification rates

with one-way analysis of variance and Tukey’s honest significant difference (HSD). Also, specificities and sensitivities are compared. Results: In every

case, randomForest shows the best performance. For the single tree methods, the performance of methods is different in each data set. evtree show bet-
ter performance than the other methods in most data sets. Most sensitivities in Breast Tissue and Dermatology data are quite large. rpart and ctree show
very low specificity in Dermatology Data. Conclusions: Every method has its own characteristic and the performance depends on data. Our study shows
that the best single tree methods are different in four example data and evtree shows slightly better performance than the other single tree methods in
most data sets. randomForest always shows the best performance, mainly because of using a lot of trees instead of one tree.
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Table 1. Variables in Parkinson data

Table 2. Summaries of clinical data

Variables Explanation

MDVPFo.Hz Average vocal fundamental frequency

MDVPFhi.Hz Maximum vocal fundamental frequency

MDVPFlo.Hz Minimum vocal fundamental frequency

MDVPJitter Measures of variation in fundamental frequency

MDVPShimmer Measures of variation in amplitude

NHR Measures of ratio of noise to tonal components in
the voice 1

HNR Measures of ratio of noise to tonal components in
the voice 2

DFA Signal fractal scaling exponent

PPE Nonlinear measure of fundamental frequency
variation
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#of #of
variables  obs.

Categories of
response variable

Breast tissue data 9 106  Tissue samples
Carcinoma (21)
Fibro adenoma (15)
Mastopathy (18)
Glandular (16)
Connective (14)
Adipose (22)
Dermatologic disease
Psoriasis (111)
Seborrheic dermatitis (60)
Lichen planus (71)
Pityriasis rosea (71)
Chronic dermatitis (46)
Pityriasis rubra pilaris (20)
Level of heart disease
0(160)
1(54)
2(35)
3(35)
4(13)
1 year survival
Alive (70)
Dead (400)

Dermatology data 34 358

Heart diseases data 13 297

Thoracic surgery data 16 470
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Figure 2. The results of various tree-structured classification trees with Par-
kinson data.
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Table 3. Results of training data set

Breast tissue data Dermatology data Heart disease data Thoracic surgery data
Mean SD Mean SD Mean SD Mean SD

tree 0.154 0.030 0.035 0.010 0.265 0.020 0.117 0.013
rpart 0.193 0.034 0.041 0.008 0.312 0.016 0.139 0.009
ctree 0.311 0.046 0.119 0.092 0.397 0.017 0.149 0.002
evtree 0.169 0.026 0.030 0.009 0.319 0.016 0.157 0.034
CoreModel 0.191 0.048 0.040 0.012 0.320 0.026 0.141 0.011
randomForest 0.000 0.000 0.000 0.000 0.000 0.000 0.011 0.005
SD, standard deviation.
Table 4. Results of test data set

Breast tissue data Dermatology data Heart disease data Thoracic surgery data

Mean SD Mean SD Mean SD Mean SD
tree 0.345 0.069 0.073 0.022 0473 0.042 0.204 0.029
rpart 0.353 0.055 0.068 0.018 0457 0.035 0.171 0.022
ctree 0.401 0.044 0.131 0.086 0.460 0.030 0.153 0.013
evtree 0.355 0.060 0.061 0.021 0454 0.030 0.169 0.034
CoreModel 0.349 0.061 0.072 0.023 0464 0.034 0.162 0.023
randomForest 0.312 0.062 0.026 0.012 0.430 0.025 0.153 0.007
SD, standard deviation.
Table 5. Results of one-way analysis of variance and Tukey’s HSD
F p-value Tukey’s HSD result
Breast tissue 46.338 <0.0001 (randomForest), (tree, CoreModel, rpart, evtree), (ctree)
Dermatology 149.520 <0.0001 (randomForest), (evtree, rpart, CoreModel, tree), (ctree)
Heart disease 37.763 <0.0001 (randomForest), (evtree, rpart, ctree, CoreModel, tree)
Thoracic surgery 132.310 <0.0001 (randomForest, ctree), (CoreModel), (evtree, rpart), (tree)
HSD, honest significant difference.
ek F Aok 2l Eeld 4 glk Rl teof| Hlsho] W2 ghS Holal E}. £3] Adiposeoi| 49| W=
SAHEA 2 7] R IAE A520) SUREE et 008 art 0060 2 TS AS 2 4 8k

ZFO(F=46.338, p<0.0001)5 Ho]al Lo Tukeyd] AMSHAS 58]—
o] randomForest7} 714 £-& A=2 tre |2 xt2

(e}
evtree7} L TF&-0 & B|=3) A=

a3 Eom e Qﬂ@# 31 ct

TE) A ctree?} 7P EA] b A 5S HoaL 9l ERITH 4= gk
(Table 5). ©]3= Figure 3] AJA} 10| A &= 2}eIE) 4= Qlrk:

Table 62 2007119] B|A~E 2}gol|A] 2t yFE 2 AlAke w7t=e}

Eo] 0] Hyt-S 713t Zlojtk Adipose, Carcinoma, 1231 Connective
9] 749-0.7 oA =2 =S Kol ¢l o Glandular®] 73
0.56-0.662) M ES EO] itk 124} Fibro adenoma®} Mastopaf
thy9] 7-$- 04 o]s}9] e izt =5 Holal §lom ctree®] 73-9- Fibro
adenoma®]| tf}od 0.072 ofF= Y2 IS Holil Qi) o5 55
o] ctree W2 745 Fibro adenoma s HH3A] 551

4= itk S0]=9] 79 Fibro adenomas A 2J3H g 0] HZ=of|A]

142 | http://www.e-jhis.org

A3 A}3] 23K Erythemato-Squamous diseases)2] 78 ek T H
oA FQ3F FA = -2 o2 A I e o2 A
g 24 ®ejehs E4e Uehl7] kol Rkl ofzwo] 3
c}. o558 2k (Dermatology data)+= 6714] Th2 £57-9] 9| F7H& 71
R 36670) FAp ] B b Alol Tle YA, 21 3
a3 B2 AR 1) A sk 27 2 e
%2 Ao} olck A2A2 A 9l 87
£ e E 242 skglen o5 Al (psoriasis) SEAF 1117, |5
A 75 (seborrheic dermatitis) 22} 607, HY e} A(lichen planus) 2F
2} 717, 0| A ¥ 7= (pityriasis rosea) $HA} 481, TH )5 (chronic

dermatitis) $x} 487, B34 -4 ¥]73 % (pityriasis rubra pilaris) 2FA}

Fl
%
1o
)
it
o]
oR
1o
I

_|>i

r_>|:



Journal of
Health Informatics

and Statistics Comparison of Classification Tree
Breast tissue data Dermatology data
L] L] L] L]
05 + ° 04
L] L]
03
04
=R >
02
03 .
o
L[] L[]
o L ,
02 ° T [ ¢
$ .
1 1 1 1 1 1 0 C 1 1 1 1 1 1
CoreModel  ctree evtree randomForest rpart tree CoreModel  ctree evtree randomForest rpart tree
Method e Method e
Heart disease data Thoracic surgery data
0.60 . .
L]
N .
L]
055 . . °
03
L[]
050 .
> > .
e ° : L]
o
045 - — § o H
LJ 02 H .
H
040 | § : ‘
L] L] | ;
1 1 1 1 1 1 1 1 1 1 1 1
CoreModel  ctree evtree randomForest rpart tree CoreModel ctree evtree randomForest rpart tree

Method G

Figure 3. Comparisons of the performance of various classification methods.
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Table 6. Breast tissue data: mean of sensitivities and specificities in test data sets

Adipose Carcinoma Connective Fibro adenoma Glandular Mastopathy
Sensi-  Speci- Sensi-  Speci- Sensi-  Speci- Sensi-  Speci- Sensi-  Speci- Sensi-  Speci-
tivity ficity tivity ficity tivity ficity tivity ficity tivity ficity tivity ficity
tree 0.91 0.59 0.82 0.61 0.86 0.62 033 0.71 0.56 0.67 035 0.72
rpart 0.95 0.06 0.79 0.22 0.78 0.22 0.35 0.65 0.61 0.39 0.30 0.70
ctree 0.97 0.03 0.75 0.25 0.76 0.24 0.07 0.93 0.60 040 0.30 0.70
evtree 0.92 0.58 0.83 0.60 0.79 0.62 033 0.70 061 0.65 0.29 0.72
CoreModel 0.91 0.58 0.84 0.60 0.86 0.62 0.24 0.72 0.65 0.65 0.28 0.73
randomForest 0.94 0.63 0.85 0.65 0.82 0.67 042 0.73 0.66 0.69 0.35 0.76
Table 7. Dermatology data: mean of sensitivities and specificities in test data sets
. Seborrheic Lichen Pityriasis Chronic Ppityriasis
Psoriasis o . I
dermatitis planus rosea dermatitis rubra pilaris
Sensi-  Speci- Sensi-  Speci- Sensi-  Speci- Sensi-  Speci- Sensi-  Speci- Sensi-  Speci-
tivity ficity tivity ficity tivity ficity tivity ficity tivity ficity tivity ficity
tree 0.97 091 0.90 0.93 0.97 0.92 0.82 0.94 0.96 0.92 0.82 093
rpart 0.96 0.04 0.94 0.07 0.96 0.05 0.80 0.20 0.99 0.01 0.84 0.16
ctree 0.96 0.04 0.86 0.15 1.00 0.01 047 0.54 0.82 0.18 0.98 0.02
evtree 0.96 0.93 093 0.94 0.96 0.93 0.84 0.96 0.99 093 0.92 0.94
CoreModel 0.98 0.91 0.92 0.93 0.97 0.92 0.81 0.95 093 093 0.82 093
randomForest 1.00 0.96 0.94 0.98 1.00 0.97 0.90 0.99 1.00 0.97 0.97 0.97
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Table 8. Heart diseases data: mean of sensitivities and specificities in test data

2 3 4

Sensitivity ~ Specificity

Sensitivity ~ Specificity

Sensitivity  Specificity ~ Sensitivity ~Specificity ~ Sensitivity Specificity

0
tree 0.83
rpart 0.86
ctree 0.89
evtree 0.89
CoreModel 0.87
randomForest 0.94

0.18
0.14
0.1
0.15
0.15
0.15

0.16
0.18
0.07
0.12
0.1
0.09

0.61
0.82
0.93
0.64
0.63
0.68

0.23 0.57 0.21 0.57 0.09 0.55
0.22 0.78 0.19 0.81 0.04 0.96
0.21 0.79 0.18 0.81 0.00 1.00
0.19 0.60 0.22 0.59 0.01 0.57
0.23 0.58 0.17 0.59 0.04 0.56
0.25 0.61 0.17 0.63 0.02 0.59

Table 9. Thoracic surgery data: mean of sensitivities and specificities in test

data
Alive Dead
Sensitivity ~ Specificity ~ Sensitivity  Specificity

tree 0.12 091 091 0.12
rpart 0.06 0.94 0.96 0.04
ctree 0.01 0.99 0.99 0.01
evtree 0.03 0.97 0.97 0.03
CoreModel 0.03 0.98 0.98 0.03
randomForest 0.01 0.99 0.99 0.01
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