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ME

Objectives: The purpose of this study was to show a procedure for a random forest (RF) analysis
which predicts periodontal disease status by using R and Orange Data Mining software, and helps
us to understand how to apply the RF technique for dental research.

Methods: Oral examination data of the 7th Korea National Health and Nutrition Examination Survey
were used. A RF model was adopted to analyze the data where the target variable was periodontal
disease status and the features were gender, age, education level, marital status, alcohol consump-—
tion level, smoking status, brushing before sleep, hypertension, and diabetes-related variables.
Results: The important features of the RF analysis were in the order of age, marital status, and
prevalence of hypertension and diabetes. The accuracy of the RF analysis was 73% which is not
high enough for use in the clinical field.

Conclusions: The RF technique is an ensemble method used to predict periodontal disease status
which produces higher accurate outputs than a single method. This study provides a step—by-step
guide using Orange Data Mining for researchers who want to study machine learning techniques.
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Fig. 1. Association of artificial intelligence, machine learning and deep
learning.
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Table 1. Target variable and features excluding hypertension and
diabetes-related variables used in this study

Variable
NO_CPI_34 Periodontal disease status

Description Value

0. No

Yes

Male

. Female

10~49 yr

=50 yr

. <Elementary school
. Middle school

. High school

. 2College

Married

Single

Unknown

1-2 cup

3-4 cup

3.5-6 cup

4.7-9 cup

5.2>10 cup

8. Ocup for recent 1 year
9. Unknown

1. Smoking everyday
2. Smoking sometimes
3. Ex-smoker

8. Non-smoker

9. Unknown

0. No

1. Yes

8. No brushing

9. Unknown

—

Sex Gender

Agel Age

Edu Education

Marri_1 Marriage status

BD2_1 (=12yr)
amount of
alcohol consumed

at once

Sl e e e S e S

BS3_ 1 Smoking status

BMI1_8 Brushing before sleep

H oj2(HE_DM) Hlo[El&
g T WSES 7L 1
I} B 71 5] ASgEE ofee 2ol 28T 4= Sl

TEY {H AR(HE_HP)Ek= ¥ige HE 57] SUHE.
sbp)o] 140 mmHg o4 T = o|%7] EHHE_dbp)e] 90
mmHg ool AY 1 8Y oA ZTHHE_HPdg)e LAY A4 7

TEY RS E-E(HE HPd3h A$ @Y= Aol XF

$%7] @Yol 120 mmHg °14 140 mmHg v[¥ E= 2F o]
o] 80 mmHg ©1 140 mmHg PI9Hl 3¢ 1 dY AHA = 4
oo, 2% $%7] @l 120 mmHg "9t ©]aL 2% o]¢7]
°*°‘°l 80 mmHg P[9He1 4% /402 A5 rKTable 2).

T 5 o F(HE_ DM1)2hs W= 8AIE ol 554 5 &
l"-%oaﬂ%(HE glu)°] 126 mg/dL o’3o]AY F3FEMAHE_HbAlc)
7} 6.5% oldolAY Bt QA IHHE_DMdg)e HUAU &
= A e Aoj|lA Qled FAKDEL 31)E WAY B o
(DE1_32)& ¥ 4% G o & ool 3530l 100 mg/dL
o1 126 mg/dL m|gt Ei= G AT} 5.7% o) 6.5% PRl 7

5
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Table 2. Hypertension and diabetes related variables

Hypertension-related variables

HE_HPdg  Diagnostic status of 0. No
hypertension 1. Yes
HE_HPdr  Hypertension medication 0. No
on the checkup day 1. Yes
HE_sbp Final systolic 000 mmHg
blood pressure
(average of
2nd and 3rd values)”
HE_dbp Final diastolic 000 mmHg
blood pressure
(average of
2nd and 3rd values)”
HE_HP Hypertension status 1. Normal
(=19yr) 2. Prehypertension
3. Hypertension
HE_HP1 Adjusted 1. Normal
Hypertension status 2. Prehypertension
(=19 yp? 3. Hypertension
Diabetes-related variables
HE_DMdg  Diagnostic status of 0. No
diabetes 1. Yes
DE1_31 Blood glucose 0. No
management for 1. Yes
Diabetes_ 8. No blood glucose
Insulin injection management
9. Unknown
DE1_32 Blood glucose 0. No
management for 1. Yes
Diabetes_ 8. No blood glucose
Diabetes medicine management
9. Unknown
HE_glu Fasting Glucose” 000.0 mg/dL
HE_HbAlc  Glycated hemoglobin® 00.0%
HE_DM Diabetes status 1. Normal
(=19y1) 2. Impaired fasting glucose
3. Diabetes
HE _DM1 Adjusted diabetes status 1. Normal
(=19 yr? 2. Impaired fasting glucose
3. Diabetes

YD Normal: Not @,®, and a person whose systolic blood pressure
(HE_sbp) is less than 120 mmHg and diastolic blood pressure (HE_
dbp) is less than 80 mmHg. @ Prehypertension: Not 3), and a person
with systolic blood pressure of 120 mmHg or more and less than 140
mmHg, and diastolic blood pressure of 80 mmHg or more and less
than 90 mmHg. 3 Hypertension: A person with systolic blood pressure
of 140 mmHg or more, diastolic blood pressure of 90 mmHg or more,
or diagnosed with hypertension (HE_HPdg), or took hypertension
medicine (HE_HPdr).

J(Among of persons with an empty stomach for more than 8 hours)
( Normal: Not @,® and a person whose fasting glucose (HE_glu) is
less than 100 mg/dL and glycated hemoglobin (HE_HbA1c) is less than
5.7%. (@ Impaired Fasting Glucose: Not, @ and a person with fasting
glucose of 100 mg/dL or more and less than 126 mg/dL, or glycated
hemoglobin of 5.7% or more and less than 6.5%. ® Diabetes: A person
with fasting glucose of 126 mg/dL or more glycated hemoglobin of 6.5%
or more, or diagnosed with Diabetes (HE_DMdg), or takes hypoglyce-
mic agent (DE1_32), or receives insulin injection (DE1_31).
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> library(heaven)
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> dental <- read.csv(‘C:/data/dental.csv’)

> dental <- subset(dental, select = c(NO_CPIL_34, sex, age,
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Fig. 6. Widget options in orange datamining. (A) CSV file import. (B) Feature constructor. (C) Data table.
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(HE_DM1)

3 if HE glu>=126 or HE HbAlc >=6.5 or DE1 31 ==1or
DE1_32==1 or HE_DMdg==1) else 2 if (HE_glu>= 100 and HE_
glu< 126) or (HE_HbAlc >=5.7 and HE_HbAlc <=6.5)

else 1 if (HE_glu< 100 and HE_HbAlc< 5.7) else None

Fig. 7. (A) Select columns. (B) Impute.

(HE_HP1)

3 if (HE_sbp>= 140 or HE_dbp>= 90 or HE HPdg== 1 or
HE_HPdr==1)

else 2 if (HE_sbp>= 120 and HE_sbp< 140) or(HE dbp>=
80 and HE_dbp< 90))

else 1 if (HE_sbp< 120 and HE_dbp< 80) else None

(agel)
1 if (age >=10 and age < 50) else 2 if (age >= 50 and age
<=80) else None

Select ColumnsE ©]-8-519] Target WS X548 o E(NO_
CPL34)& d745tdcKFig. 7A). Impute A ol-8sto] Z|5=2gt
o} E(NO_CPI_34), “d"(sex), Uol(agel), XE5E(edu), BEAF
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e G §HoRHE_DML), E8E 18Y FHoR(HE_HP)
oA AEZE T3 HE P55 A AHAHFig. 7B).

Edit domaing o]-&sto] 22 E49] AAS Y3l numeric O
2 AHE EXNES 29 Categorical EHCE vE 4= IthFig.
8).
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AR} 2o Hakg W37 5= 70| 1, limit the maximal tree
depth to= Z|tf £ 314=0]t}. Stop when majority reaches [%]=

A total #2] A 7161000 °1F WA BERE ARt A
o|tHFig. 10B).
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H Bk AA] go]89] 80%+ training data® ARSIl O%
+ test data® ARE519] decision tree®} WE EHAES] 7§J4~E— A
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8D2.1 2020 [Javova
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Output table name: |denta Reset Al | |Reset Selected
? B | F1x B3k 28 | ko B-8l-
Fig. 8. Edit domain. Fig. 9. Rank.
4% Random Forest (2) ? X & Tree ? X
Name Name
Basic Properties : Parameters
Number of trees: 100 |5 D Induce binary tree
Number of attributes considered at each split: S Min. number of instances in leaves: 2 k5 ‘
W oo Ul Do not split subsets smaller than: 5 -
[[JBalance class distribution L
Limit the maximal tree depth to: 100 =
Growth Control —
[J Limit depth of individual trees: 55 Classification
[JDo net spiit subsets smaller than: BES Stop when majority reaches [%]: ‘ 95 [
O Apply Apply Automatically
A Fig. 10. Widget options in Orange Dat-
78 |4-Bo- 2B | d30- Gom amining. (A) Random forest. (B) Tree.
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Sampling Evaluation Results

O cross validation Model  AUC CA F1 Precision

0696 0724

Recall

Number of folds: | 10 Tree 0718 0724 0.699

[ stratfied Random Forest 0736 0719 0703 0697 0719

Random Forest 0736 0720 0703 0698 0720

Random Forest 0737 0721 0705 0700 0721

®
OaonEs oty Random Forest 0736 0720 0705 0699 0720

Repeat train/test: | 10

Random Forest 0736 0720 0703 0698 0720

Random Forest 0735 0721 0705 0699 0721

Model Comparison by AUC

>

O Test on train data
O Test on test data

Target Class.
(Average over classes)

Model Comparison
#Area under ROC curve.

[JNegligible ditference:

2 B | 308k 1- B 216k| 7x21630

Fig. 11. Test and score.
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= 715°] 971 wizel of2] 7je] e ZIHAE QRO R SlolH
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Table 3. Confusion matrix

Predicted class
Positive Negative
Actual class Positive TP FN
Negative FP N

Recall=TP/(TP+FN).

Precision=TP/(TP+FP).

F1=Harmonic mean of Recall and Precision.
CA(Accuracy)=(TP+TN)/(TP+EN+FP+TN).

AUC (Area Under the ROC Curve)=X-axis: 1-Specificity, Y-axis: Sensitivity.

Table 4. Grid search for the optimal hyperparameters

Preci-

Model ntree mtry AUC  CA F sion Recall
Tree 0718 0.724 0.699 0.696 0.724
Random forest 100 3 0.736 0.729 0.703 0.697 0.719
Random forest 50 3 0.736 0.720 0.703 0.698 0.720
Random forest 100 4 0.737 0.721 0.705 0.700 0.721
Random forest 50 4 0.736 0.720 0.705 0.699 0.720
Random forest 100 5 0.736 0.720 0.703 0.698 0.720
Random forest 50 5 0.735 0.721 0.705 0.699 0.721

Tole A9 HlATAEC] 44 o 4 U=
EX HAled £42 & T oot AAE 7
o =4o] Qi

o] ALollA decision treeE AMESHA] 4L FE W 5 st
Ql WY RIAEF ARESI] RES S5AIA accuracyE A4S
=t 2749 decision treet= AR E7] 42 A3l Aot L

o]f+= decision treeA] 19| error7t WAYSHH THE L Eof|:
error/t AGE7| wfizoltt. ol2fgt £AIE sidsty] sl ZehadH
treeE o WHE1L FHE TS Aol 1 A0S Bk Wokd
e AdE F= EY 5 AUtk o]FA 5P decision tree ZH2] &
Fe- AAIE A ZefAgto] £ol5 4= Atk 2 & &= Gk Aol

QoA AME REAES] BEHYL Ho|5 9] £t BT o

3 ;‘“’L R HHE $ Qs R-E8RH ol o E o, AES

2ar)2 tralnlngO‘H:}_L S training setof] A|F=2gto] ¢l
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=407 2 off ¢ Agkoir}. §HH, QA9 B2 tiyfE Hlo]E
2 25t AL QAo AL Yt AHolot, Tt glo|E|7} To|A
oAM= & AEsIAEE LA A = AE R A5 4 itk E
ohE T o == nto o] aaHHQl v H(array) A2t 22 HA
2 27] otk Aot A& 501 grid searchE & 3¢ 2ol 2t
7}9] sto]o wEtn|E o] sl AXHE Pojof k= HHH, o|RoflA=

LIRS a7

I 5 S B




226
J Korean Acad Oral Health | 2021;45:218-226

PIE 52 U2 38 EolollA] gt o]HS Kol =7
o wjile]yd sfefcielolet. th=0 ot S5V 5 ARERFOEH] A
9] guh A5 T ok5719] Unisl ekt FE. At
Ql HFE i F sl Hi Y IR Y EHAET} 9l o]
WS QAP UR] T Aot EAIE s st ] sl AREEH, oF
3 5157191 A UHREZ AHERIOEA She] At ST |E
Bkt ol2fet mAled 7HE Aot = A+AREClA orange
data mining& ]85 BAE WS 4, AAE BAS dolo]
A ATE G S Aol=t] B0l Faat gk

o

References

1. Mitchell T. Machine Learning. New York: McGraw Hill; 1997.

2. Geron A. Hands-On Machine Learning with Scikit-Learn, Keras,
and TensorFlow Second edition: Concepts, Tools, and Techniques
to Build Intelligent Systems, California: O'Reilly Media Sebastopol;
2019.

10.

11.
12.

13.

Park SH, Lim HJ. A step-by-step guide to Meta-analysis with dichot-
omous outcomes using RevMan in dental research. ] Korean Dent
Assoc 2018;56:18-40.

Lim HJ, Park SH. A step-by-step guide to Generalized Estimat-
ing Equations using SPSS in dental research. ] Korean Dent Assoc
2016;54:850-864.

Lim HJ. Sample size determination in dental research. The Journal
of the Korean dental association 2014:52:558-5609.

Lim HJ. Meta-analysis in dental research. ] Korean Dent Assoc
2014;52:478-490.

An H, Lim HJ. A step-by-step guide to Propensity Score Matching
method using R program in dental research. ] Korean Dent Assoc
2020;58:152-168.

Farhadian M, Torkaman S, Mojarad F. Random forest algorithm to
identify factors associated with sports-related dental injuries in 6
to 13-year-old athlete children in Hamadan, Iran-2018-a cross-
sectional study. BMC Sports Sci Med Rehabil. 2020:12:69.

Rocca J. Ensemble methods: bagging, boosting and stacking [Inter-
net] [cited 2021 Oct 26]. https://towardsdatascience.com/ensemble-
methods-bagging-boosting-and-stacking-c9214a10a205.

Neal B, Mittal S, Baratin A, Tantia V, Scicluna M, Lacoste-Julien S,
Mitliagkas L. A Modern Take on the Bias-Variance Tradeoff in Neu-
ral Networks. 2019; arXiv:1810.08591.

Guido S, Mueller AC. Introduction to Machine Learning with Py-
thon. California; O'Reilly Media: 2016.

Zhou ZH. Ensemble learning. In: Li, SZ (eds) Encyclopedia of
biometrics, Berlin; Springer: 2009.

Yang JH. Welcome. Are you new to machine learning? Seoul, Know-
ing More Publishing: 2016.



