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Basic Concepts and Principles of Data Mining in Clinical Practice

Sun-Mi Lee', Rae Woong Park’™
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Abstract

Recently, many hospitals have been adopting clinical data warehouses (CDW) as well as electronic medical records. These
new hospital information systems are inevitably introducing very large amounts of clinical data that might be useful for
further analysis. However, the electronic clinical data in the CDW are usually byproducts of clinical practice rather than the
product of research. Therefore, they include inconsistent and sometimes erroneous information that might not have the
specific context of the clinical situations. Data miners usually have various academic backgrounds such as electronics,
informatics, statistics, biomedicine, and public health. If the complex situations surrounding the clinical data are not well
understood, investigators performing data mining in clinical fields may have problems assessing the information they are
confronted with. Here, we would like to introduce some basic concepts on the principles of data mining in clinical fields
including legal and ethical considerations as well as technical concerns. {Journal of Korean Society of Medical
Informatics 15—-2, 175—-189, 2009)
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Atololut Frde] whHE S8 AR FhollA 8 o] Al o] 8Eth AEY s dugoEs &
E2 o] 715H AL dolo] HAkg F WA SA 3 2o Aol TS AuE ¢ AT, 8~
2-3 Afole] BRAE Hole A7 vk o] A-F ETI 2 IYZE o] &3 o] EX A uA
Hrpgt A& aA] ol UE HEer] A9 9l 97} BrhFig. D).

=A1Q vitamin K7} FAHE 7HeAdE 18k
gt} | =A|7F Tl AstolA HAgke] His F
g A9 A9 d FES A gE2A st
@ Foll whd X gt
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@1 Data Audit of [7 fields]

[SJEile |7 Edit ) Generate

Field/ |  oraph [ Type | Min | Max | Range | Mean | st Dev |Skewness Kurtosis | valid |

3 AGEYE... | [I “ & Range 0 a4 94 57077 17772 -0.760
[a] creL [{I“"I & Range 9 249 240 101.585 39877 0361
3 Fibrinag... "" " |] & Range 134 1484 1350 613877 252872 0581
3 HEIGHT dl" & Range 50000 185000 135.000 162.068 14901  -3.829
7 SEX |—| o® Flag - - - - - -
G WEC | & Range 0 125 125 11878 9360 5713
I ange  6.100 104. : ) 13. -0.21
WEIGHT R 6100 104.900 98.800 59.859 13.084  -0.218

0.251 376
0.483 349
0.515 146
22,935 225
- 376
59.517 369
2714 225

[B1Data Audit of [7 fields] #1

[ZFile 7 Edit ) Generate @ .E i
Complete fields (%6): Complete records (%):

Field | Twe [ outiiers| Extremes| Action ] Impute Missing | Method | % Complete| valid Records [ Nuil. ]
{3 AGEYEAR & Range 2 0 Non Never Algorithm 376 0.
[A] SEX o® Flag - Never Fixed 100 376 0.
{3 Fibrinogen ¢ Range 2 ONone  Never Algorithm 3883 146 230..)
{3 WBC & Range 3 1 None  Never Fixed 93.138 369 7.
? CrCL & <Default> - - - -- 92.819 349 27
{8 HEIGHT & Range 2 2None  Never Fixed 59.84 225 151..)
{8 WEIGHT & Range 5 0MNone  Never Fixed 59.84 225 151..)
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Figure 1. An example of descrip-
tive summary of some
selected features

Figure 2. Data quality and outlier
summary
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Uk goz g SHE A
analysis(Z-2 case deletion)’ ™| St} o] WHH2 A
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o] , B2 %
o AR Qe tiEA o] s Aol kst
H= ©o] . Zzte] Mo A Thsg AR E
o]-8-3}+= ‘available case analysis’ = E &4 SH| F
galA| Rt 2] 7|2 7F A ekt WiEhy] wiol] 2
T FA FEA FA AT Utk AS5AE o
A ohe WH o R oy 37 5@ R o
Aete St 5334ek BAA ALt og o
o) X% (multiple imputation)o] JTH™?. HAH o=
ASA7F 5% 7Y 7d-$- complete case analysisE A}
& ¢ on, A7) 15-220% HAYL well= o
AW o] &ote Aol Foh ey, ASA 7} 40%=

Input layer Hidden layer

Processing element (PE)

Age

Benign mass

F. Hx
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Iv. Hjo[g otol'd 7|

tlolE mio|dol] F= AMREE 7IHoR EA|2~EH
ARA, AT, AZENE WL, A AHY T,
Hlol Ak WEAI®®), Ay 3, K-AHF, 234
HES A 52 2 9 thedt v wAFEH; W (unsuper-
vised learning)5©] YOom*® ThSora 1 F A
£ Ztefe] Au i

1. 222 3]H54(Logistic Regression)

B2A2E AN AEAA FAVIMeR oln|
H-F(Classification)®} o] Z(Prediction)l| X =& % &
=2 AR oty tlgFe gEHeE o
Z719lE ¥ 71 Ago] wEA|WP) o] A
d 2dyg 7PHolERE dHoly wloldex FFEA
(Benchmark) &= 4t7] 9JsijA] wWo| AME-HtTh

g

A173%}(Neural Networks)

A7re] A T2k vl =gk el ofgh WhHo]
], 234 725 711 Akmo| A e] o S(prediction) 2}
- (classification) TA| & 3435} YA AlgEH=
1% 2.8 (nonlinear models)?] 3slfolt}. Aol 41
A 21X neurondl d|EstE FE©| Figure 3]
299] Processing Element(PE)°]™, PE= -2 dendri-
tesE 7HA 2L 932 Y HS(input variable)7} o]l 3

G PES] 78 75 9HNSE Fo Solek

Output layer

0.6

“Probability

of oY Figure 3. An example topology of

artificial neural network
model
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Eol| el 7F5X|7} A 8%¥ summation functions
35ta, 1 A3E THA| activation functions =3
F33k] output layer2 HuUlE Zo]t}h  Activation
function®] | 2= logistic, linear threshold, hyperbolic
tangent 5°| AT}

Figure 32] o4& P o] =S 98] 7Hdzow
AA S AAY mdo] dojt) o] e oshd A
%K (benign mass) #712o] 3]

(age)O] 6047 °] 1L 1, oFA]

e}
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syndrome°1 i L A RS = e P L B P i
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< HolFol gt

><, fo 1o & ! of

3. AZEHE W (SVM, Support Vector Machine)

SVM< classification®| Y regression 7|"H O 2 A}
=, FHdolE o] 74 (overfitting)flo] FH©]
S8 HGEE Hg} A|AFE 7lso|th 53
Aatg el o] Yae Ak o W4 2t
7} B2 & vlolE (o 1 7 o] dHHs
2 BAsked Ags??

o 2 oo

~—~—

SVM< Kernel $<*(Linear, polynomial, Radial basis
53 vlolele] MMM of

U

function, sigmoid &)&
e v g maag S AA JiAES HA R &
S|+ %% WA (hyperplane)S 2o Ho]th
= THCE FHFE UriTE MAE AX
B (support vectors)2}al s o] AEL] AR E F
sl AlA = Aol T831H. Support vectors 7+
Aers Rd2 BA3 4 F 9o, F75
H= A ol 4 7] wiEolth 1=

o SHo] 7 =2 HA Y RdE WA HolHE
Foer ME HE Kemel 2 A&t 433
o

Fol 9L 4 9tk

1-)4' U
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4. AR AT (Decision Trees)

A A U= Figure 49 7H3 Alve] e 2o
e} ol o APAX TF2(decision rule)s UF-TFERE
5} 5lo] F-F(classification) 2} ol Z(prediction)= I
gg ],1— qummo]r/} Figure 49] oq]‘:_ i%u—]aﬁ T
(node)ell A= 771 glol e ¥
% AP} AAskE HlEo] 20%°]
A mEod s Aol 504 o)<l 73%
35%2 S7FE ATh o] e} Zo] ou| Y= WMFE
S 2 AKAR BRE T A b =
= 7t e 2d s g5 Aot 5 o] 2™

1
i I
o}‘ﬂ 504 VJO I FFTLel »)\J_ 7}}‘3—:‘10 ),l*‘E
=

218 42 udzd, o9 2ol AA}ML}“ E‘“
o BE EE o= ggo] YTz o3 22 F

Ao oA &7 wZo /l/\%%ﬂﬂr%i—% A7

‘ 2 itk <A
Aal A= *}%'3 = °hﬂ &2 (5.0,
C&RT(Classification & Regression Tree), CHAID(Chi-
squared Automatic Interaction Detection)?]t}. C5.0
entropyt} 7 H.o] S(information gains)= 4Hg3ste] 7}
4 Rol@ S4o] B WS AU XS AN

URPEE whEe] Ui

Cancer:
yes=20%; no=80%

|
<50 | Age | >50

Cancer: Cancer:
yes=17%; no=83%| |yes=35%; no=65%)

Benign mass | Yes

Cancer:
yes=40%; no=60%

Family Hx Yes

No |
Cancer:
yes=22%; no=78%

No |
Cancer:
yes=35%; no=65%

Cancer:
yes=60%; no=40%

Figure 4. An examples of decision tree model



Smoker
P,(X,=yes)=.25

Bronchitis
Py(X;=yes)=.1375
P;(X,=yes| X,=no)=.10
P,(X;=yes| X,=yes)=.25

P(X,=yes)=.1206

&)

5. Hlo]=]¢t Y|E I (Bayesian Network)

Figure 5= Wo]A|¢t v AHZE Aet=t A5
A4HE HEA Aot o E%‘
9] xE(node)= FEPE I lom, 27}
(root nodes/parents nodes; X; smoker2} Xo family
history) AFAE-E(prior probability) #¥ETHS Zka1,
H] 29 =E(non-root nodes/child nodes; X; bronchitis,
S}HE(posterior -2
conditional probability) ATt d &5 ™
AA ZE PX)S SR § A A smoker)Q1A] oFd A
EE 7% 1375%2] At 71 Ad S T dEe
etk 23u xoll digh A2 FEE 2 Hole
Py WA X;o 2= FE, PGIX)R REH AL
o= FAAl 79 717 (bronchitis)2! 7HEA
25%, FAA7E ohe 10%eke A& vty #
ad ThsA = dSshe d lo] wolx|et YEY A
E—Ejnl-g] ?311?“‘_:‘ %g’x}iﬂ' “l‘(ﬂ}}ka .‘_?1‘_;_}_ ==
(target node)?] H L] AME FES FH 5=
AFZ BE-S chain rule?} Bayes’ ruleo]] ©&] %€ TFY.

ozt YIEA A= tha3 22 A3lo] itk

A3 delelagon fus=z de Y
o A A 5 Atk ol =& Ake]9 4
= g7 Fod & o7] wiEelth 2) e 7]‘:'13
Ao g2 oyt oEd SRS N
el wrel wolx|F M EYAE AREsHH A4}

Xy lung cancer, Xs X-ray)= A%
HEXE 7R3
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Family history of cance
P,(X,=yes)=.20

Lung cancer

P,X,=yes)=.13

P,X,=yes X,=no, X,=no)=.05
P,(X,=yes X,=yes, X,=no)=.25
P,(X,=yes X,=no, X,=yes)=.20
P,(X,=yes X,=yes, X,=yes)=.40

X-ray: x-ray indicates disease

Ps(X,=yes| X;=no, X,=no)=.02
Ps(Xs=yes| X,=yes, X,=no)=.20
Ps(Xs=yes| X;=no, X,=yes)=.60
Py(X,=yes| X,=yes, X,=yes)=.80

Figure 5. An example of baye-
sian network model
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43 AGHIE goldt. F2 AgHE A5
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gete] S8 T3

i

(support)®} 4! 2] %= (confidence) S
= 77 doh

7. 234 JE Y I (Kohonen Network)®} K-
(K-Means)

FA5ul Y E$ 3 (Kohonen Network)®} K- 72 H]
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nation 582 dERdo] ZFYPXE, 45 EH FA
£ ARz E, drht 2 Eejal Herts Bt
Sh= Ao]aL, calibration 522 | S| (predictive value)
7} AA A3Hreal outcome)dl] Ll FHI=71E
Hr7ksh= welth F 8= x4 discrimination
P o 24, 92} (Confusion Matrix)S o] &3
AEEo AT Eo|x, kAo = (Positive Predic-
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sdE At FA ¥va ERdelE FgEe
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Fe 253 SHUE wu FdE g w2 v
&9 F 7t FE9] GuHES s, L 29
o disl ARE BFA F7HQ WA st

5 =
78] -(miss-classification cost)= °©]&3] & F=
Receiver Operating Characteristic(ROC) curve 2]

[e)

geteel el el wet ARk gho] EpA|x

q
o
= Aol YTEY. 7h o= rdlo] ROC curve £4]
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o] 4] A4+E AUC(Area Under the ROC Curve)”} &7
Aoz {ogt zto|7b h=A] vlwstr] $1él Hanley
9} McNeil*™ o] A7 W& Abg-8 5= glt). 9
H(best cut-off point)S (1—VZAEY T (1—5o| %) 9
go] H43lE 3 ROC curvedl A (0, 1o 718 717t
AHez Fale] Fow, W, Solx, dAd
A, SAEAF Fote] £/7] e e Bl
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Az T2 d=7(predictor)?] FEFE=E =
o R s o Sgke] ARgke] drht 2
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net AN o

function)= <=
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‘mean squared error’, ‘relative absolute error’, ‘relative
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&
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o
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Ll
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squared error’ & & T UTh
d
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d

Mean absolute error:

Mean squared error:
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quz 1 (yl - yqj’ )2
Zid= 1 (Zﬂ - @2

Relative squared error:
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npx] =2k o 2 Calibration 532 Hosmer-Lemeshow
goodness-of-fit Chi-square statistic®. 2 Fg g = )
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