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53307801: MAJOR: COMPUTER AND INFORMATION SCIENCE
KEYWORD : TEMPORAL DATA /IMPUTATION /TRANFORM/ TEMPORAL CLASSIFIER

KLAOKANLAYA SILACHAN : CLASSIFYING INCOMPLETE DATA WITH DISTINCT
DIAGNOSTIC TIME SEQUENCE OF TEMPORAL MEDICAL DATA. THESIS ADVISOR: ASSOC.PROF.PANJAI

TANTATSANAWONG Ph.D.,PROF.CHIDCHANOK LURSINSAP, Ph.D. 92 pp.

The objectives of this research were 1. to develop methods for data imputation of medical temporal data set
based on individual indicators or on similar indicators of each individual and 2. to develop a method to transform data
patterns of medical temporal data set but still maintain the performance of classification. The data used in this research are
real medical data of patients from the Cardiovascula-and Metabolic-Center, Ramathibodi Hospital. The data includes 1,215
medical records of 458 patients diagnosed with obesity and 3;010 medical records of 93 patients diagnosed with stroke from
PKDD’02. According to the result of the-first research objective, the researcher developed six methods to measure the data
imputation of time-series data set, namely. NFDCs-DPimpute, NFDCsSlideW-DPimpute, CB-Extra-DPimpute, S-knn-
DPimpute, SLLS-DPimpute and DPimpute.~ Then the performance and the accuracy of data imputation were evaluated by
measuring the standard error with Normal root-mean square error (NRSME). ~The result showed that among the six
methods, the NFDCs-DPimpute contributed. the better data imputation as compared tothe other methods. According to the
result of the second research objective, the researchers-proposed the Inner distance combination transform (IDCT) method to
find the representation in order to.reduce data dimension. This method found the representation of a data set as a single value
in temporal medical data and then it was.measured to find the classification” with accuracy. The performance of the
classification of the data set of the representation with statistical analysis method, namely mean, median, standard deviation,
and variance. The result showed that the IDTC method contributes the better accuracy as compared to other methods used to
study with the support vector machine classification model. As a consequence, the researcher adopted the abovementioned
methods and developed an algorithm called-NFDCs-DPimpute-IDTC to impute-data as well as to reduce the dimensions of

data in temporal dataset.
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Interpolation , cubic splines
232 m3sdsznmaens9(Extrapolating) NUYAtDYANOGUONT

233 WANMIMAIA0IT0agARI0 least squares
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f(x) =b, +b,x+b,x* +---+Db_x
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Y
Tasiiseazioenndil

2.3.1.1 msiszanamlugieamsidszanamlugrasfendunvnaulaaial
(Polynomial interpolation) AEIBNANIINS !!ﬂﬁfiﬂﬂﬂlﬁ)&ﬁ]ﬁu(Newton’s Divided Difference
interpolating polynomials method)

g Qddﬂld am d' 9 ] 9 3’1 d'd
VUADUITUADITNITNISHI NWHUIWATUIAVDYAMINUANY VDU 1 + n

e 2D

) { Y Y
(1N Oﬁ\‘i n) AIVDPAN U Pn mm?m% n ?f13J1ii‘l‘17]i]$ﬁiNW1u‘1/]ﬂﬂﬂ MY nt+l VDU

(Xl’ y1=f (Xl))’ )’ 7 (an ynzf (X")) '

an A o 9y Y 9 v A g o
’J‘ﬁﬂTﬁﬂl’E’)\‘i“L!’N]uﬂi%ﬂﬂﬂﬂﬂﬂﬂﬁllﬂﬁhﬂﬁ?ﬁE]iJﬂuV]Lﬂuwai]1ﬂﬂ1‘iﬂ1u’3m
' ' D) o o A A ° \ ) Yy Y w
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Y
fane il

P.(x) = bo + bi(x—Xg) + ba(x—xo)(x<X1) + . . . + bo(X=Xo)(x=X1) - - (X=Xp_1) oo (2)

] % d’ 1 ] A\l 1 1 1 %
ﬁ’l?iiﬂl\?@uhl"llellﬂﬂﬂTi‘]JiﬁiJ’]mﬂ’lsluGlf'N P,,(X,-)=f(X,-) ANVBDINAAINIINNITLUIYD YA
E o % AT A ~ 4
Liﬁﬂﬁiuﬁﬂﬂ'ﬁ (1.5.1) — (1.5.3) HU ﬁ'lﬂJ1391’]'”]13ﬂ?u?ﬂlllﬂﬂﬁﬂlu@\‘ﬂﬂ‘ﬂazmu(DiVide
Difference) aauaadlasa1s1a 1 Newton’s form.
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X, | fte) | HEAIURINSIUNERY | WARINURIMS | HAAIIURINISILINERE
L 4 b o 24
A3l HUSEIRBN3aT 2 A3an 3

5 | ) ] ———y M) —> v xx]

— -7

) f(xz) _H} f[xyxz] —ﬁ f[x4,x3,x2] —

X, | flxy) éﬁ fx,x, ] _—

x, | fx) 7]

Fun - [26])
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f . ()=b +b,(X=x)+........ +0, (X=X )(X—X,) +
b4(X— Xl)(x_ Xz)(x_ X3) +"'+bn (X_ Xl)(x_ X2)---(X— Xn—l)

4
Tasmduilszans b ,i=0,1,2,............. n anunsamudala

bl = f(xl)
b, = fx;, %]
b3 = f[X3,X2,Xl]

bn = f[xn’xn—l’“"XZ’Xl]

I~ 4 $ 1 ] [ 1
Tagruduamasy [ ] uaaidnHas1ansuaee(divided difference) 1951

v
U

WA INNISUUEeASIN 1 (First Deviation) Ao

_M ........... (4)
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WA 19UBINSNEI8ATINin (nth finite divided difference ) 7D

FIX X gyeeen X 1= FIX 40 X preees X
FIX, X g0 X, X1 = Xy, Xy 1)3 —x[ pon-g ol (6)
n 0

f, (x) :i{F[xl,xz,...,xi] ﬁ(x—xj)}
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ﬂTi“l’ﬂ‘]J@\‘IWﬁ@N%Tﬂﬂ"ﬁu‘U\iﬂ@ﬂﬂ\mﬁﬂﬁiuﬁllﬂ"li(l.5.1) —(1.5.3) Uy TM1T0IM

o A A a )
ﬂ”Iﬁﬂ”lu')mllﬂﬂﬁﬂlu@ﬂﬂ‘ﬂﬁgﬂlu

andnaldieununauaslluaums (1) i ldledFunyu

fo(X) = F(X) + (X = %) FIXo, X T+ (X=X )(X = %,) F X5, %, %, ] e (7)
+"'+(X_X1)(X_X2)"'(X_Xn—l)f[xnixn—ll"'ixl]

) S 'y : o '
Tﬂﬂﬁﬁﬂﬂ1§1uﬂ1°ﬂ§?u ﬁ@ ﬂ1§1’i1ﬂ\1ﬂﬂfﬂf(x) ﬂaﬂ%uwﬁﬂmﬂ%mmmmgmm

U

9 A o =

1 g’/ A o Y 1 < 1 1 1 Y
AN 'V]\‘l‘ﬂllﬂ‘l/]ﬂTﬂuﬂlﬂcl‘ﬂIﬂﬂllﬂﬂﬂl@yja@@ﬂlﬂu‘]ﬂ\‘l 9 Lmﬁ%‘]ﬂ\‘l“’l]%hlﬂﬂﬂ§@1ﬁﬂ“]5\ﬁ/‘l‘ﬂu1ll
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L3ENNDNU i]ghlﬂml,mmmwam”af’lgﬂu

2.3.1.2  matszanamluraaaulng (Spline interpolation)
. A I ax A ) & o @ vy
cubic  spline- \WHAITMINMIITANTUAR WK id T U szINaAITBYD
1 A ] 1 @ al J A g AYw A
FEHINN0GITHINNY  TasayuanguuoIanungInNae (x, o), <,y . (.,
. . o 1 { 9 1 9 a y 4 1
1@ cubic spline 9 2¥pTzaIBAINGaIIBAemIToRas N Ingeszanua
' ] Y 1 A o & < 1 ] 9 9 o '
FENINFNAYAININ - TAg1IgINInua el urI980e9 Haras enyunilsziusag
[} ] = ' IS 1 & . g < 9 o w
¥ge8iTonI “n13tlszmalaeny i ug9” a9 cubic spline, M3 lgnyuiumas

AWTTNINGUBIIANINUAIAIBTDNA
y: f3(X):a0 +alx+a2X2 +a3X3 ........... (8)
NYUWTIAIAWNAAIAI4 Al

Jd o a
Tagldansu £ Heomwu [ab] uazlisaueegn a = x,< x< ...<x, =b

o o w d o $ 4 1 ¥
dlszinumaau S vee £ AeWenFuNaeanannudou lude T

3 o w o [ 1 ]
1. S L‘]J‘L!W“ijummm’dm L"”?JEJu!,L‘VIuﬁI%EJ Sj TAIHIUBINYDY

[Xj5xj+1] ,j=0,1,...,n-1
2. Sj+1(xj+1) = Sj(xjﬂ) G= 01,....n)
3. S, = S(x;.) G= 01,.....n-2)

4.8 .,x,) = S.x.) (= O0l..n2)

5.8 00 = S.(x.) (= Olun-2)
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4 X [ g I a
6. 103 lvvoadaladonilane il uas
a. S(x) = S(x) = 0 (VOUFTTUHIANITOVOUIATZ)
b. S(x) =f(x,) HazS(x) = f(x) (vouda)

Henuwrnumasenalugy
2 3.
S].(xﬁ,) = aj+bj(x—x}.)+cj(x—xj) +dj(x—xj) ,j=0,1,...,n-1
oy lude 2 azldn S(x)=a = flx)
A ) Y1
vndeulvlude 3 wldn = S/ g ) =S,
2 3 .
1 &7 bj(xjﬂ— xj)+cj(xj+1— xj) +dj(xj+1 - xj) ,j=0,1,.....,n-2

Y ] 2 5
W o = @, -x) &M j=0lcn1

Y a Y Y1
Milew o = fix) udavzlan

aumsi 1 a., = a+bh+ch +dh
, J Y 1T o J v ¥
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2.3.3 ngquhenuszdeuIiasaetionga (Least-square (LSQ)[27][28][29]
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& A ' 7o g v 7o

% V), - - - o(x, y) Busiamnse fit w30Uszanualen sy fx) udreWen sunrum
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y =a,rax+ a2x2 1 >, g amxlm ;
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Sadanlszant InaTudoaansasunaldaai
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2.4.1 HUUgAAIAEUMAIB3A (n Euclidean distance)[10][29]
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1 o 1 1 % o

Multi-Dimensional Points ) L'ﬂufﬂ'iﬂ'I“Ll’Jﬂ!‘ﬁ1538%W1\13$ﬁ’)1\1§@1ﬂﬁ@\11}ﬂ Gﬁ\ii%ﬂ%‘ﬂ%‘ifﬂﬁ\i
. [ 1 4 9

@09(squared distance) 3¢ 0g3FNINADUINAOS 130 AOIYATOND x =[x, x, JUaz y=[y,y,

£ 1 o w ' ) J 14
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2.6 ﬂQHﬁ!ﬁﬂ?ﬁUﬁﬁﬂﬂﬁ Inner Products and Norm [18] [29] [32]
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LUUIAAYOY inner product, TuaNBUvectors 1u R ag R’ 1singyaisudunganiuiia

b4
v 9

J 1 (% [
ANBIVBAINADS x VU R* 130 R (581071 norm Ve x, UTAAIAIY [|x|| AsHUE NS

2

X = (X,,X,) R", 1513 Ix]| = X, 5

1+X
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Procedure : DPimpute()

Input : Incomplete temporal dataset (D)

Output : Complete temporal dataset(D)

Step 1. Select all temporal medical data
Step 2. Checking missing position
Step3. Pad zero to NaN column
Step4 : Compute N-dimension distance
Step4.1 : vectorNaN =padZeroData(i,:);
Step4.2 : sumData = zeros(ndata, row,1)
Step 4.3 : distanceData = padZeroData;
Step 4.4 : -Loop and index indentifies the minimum-distance row
for j=1:ndata_row
% distanceData(j,:) = (abs(power((padZeroData(j,:) - vectorNaN),[2])));
distanceData(j,:) = power((padZeroData(j;:) - vectorNaN),[2]);
sumData(j,"1).= sqrt(sum(distanceData(j,:)));
mx = max(sumData);
sumData(i,1) = mx; % Avoid it will be minimum
end

Step5 :  Replace values in column which is NaN with data in index row, minimum distance.

for j=1:c
resultData(i, colNaN(1, j)) = distanceData(index, colNaN(1,j));

end
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% v9IMINUIINYAIGYHIVDIITNT DPimpute AINITNN 4.2-4.4

A15139% 4.2 A1ANUAAAAADU(NRMSE) mmﬂgm’l’ay’aﬁﬁunm (DPimpute) A% 1

10% 15% 20% 25% 30% %Average

Obesity 0.10760 0.10824 0:11134 0.11425 0.11484 0.11125

Thrombosis | 0.147970 | -0.152707 0.154287 | 0.161768 0.168859 | 0.15712

M3 4.3 A1ANNAAIAAAOH(NRMSE) ﬂlawﬂ%’ayjaﬁﬁunm (DPimpute) AN 2

10% 15% 20% 25% 30% %Average

Dataset

Obesity 0.10777 0.11093 0.11076 0:11760 0.11456 0.11232

Thrombosis 0.143519 0.146628 0.156782 0.160918 0.170778 0.15573

M5190 4.4 AINNAAIAINATH(NRMSE) voegadoyad1aua (DPimpute) 4o 3

% misMgg 10% 15% 20% 25% 30% Y%Average
Dataset

Obesity 0.10609 0.11130 0.11436 0.11520 0.11184 0.11176

Thrombosis 0.144625 0.149842 0.152767 0.158743 0.166604 | 0.15452
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Procedure: Sk-NN-DPimpute

Input : Incomplete temporal dataset (D)

Output : Complete temporal dataset(D)

Stepl : Transform temporal medical.data to low dimension in subspace matrix
1.1 Determine the system’s input variables for a temporal data matrix
1.2 Separate the matrix into m x n each of patient subspace dimension.
Step2: Find NaN each column

%Pad zero to NaN column

for i=1:ndata_row
v=isnan(NaNData(i,:));
colNaN=find(v==1); % get colum containing NaN

[r, c] = size(colNaN); % for loop to fill zero



37

%fill 0 to colum contains NaN
for j=1:c
padZeroData(i,colNaN(1,j))=0;
end
end
Step3 : Checking missing position
for i=1:numberOfPatient
if(i == numberOfPatient)
startRow = ia(numberOfPatient);
endRow = ndata_row; % use for thelast patient
else
% ia variable contain start row.of patient
startRow = ia(i);
endRow = ia(i+1);
end
Step4 : Checking k-row value
if(endRow - startRow >2)
%This loop is check row which it has NaN.data
for j=startRow:endRow-1
if (any(isnan(NaNData(j,:))))
currentRow = (j-startRow)+1; % currentRow uses for identify row has NaN
v=isnan(NaNData(j,:));
colNaN=find(v==1); % get colum containing NaN
[r, c] = size(colNaN); % for loop to fill zero
StepS5 : compute distance
vectorNaN = padZeroData(j,:);
sumData = zeros(1:endRow-startRow,1);
distanceData = padZeroData((startRow:endRow-1),:);
for k=1:endRow-startRow

distanceData(k,:) = (abs(power((padZeroData((k+startRow)-1,:) - vectorNaN),[2])));



Step6 :

Step 7 :
Step 8.
Step 9.

Step10.

Step11 :

sumData(k, 1) = sqrt(sum(distanceData(k,:)));
end
mx = max(sumData);
sumData(currentRow,1) = mx;
Replace column whic is NaN with data in index row, minimum distance.
for I=1:c
resultData(j, colNaN(1, 1)) = NaNData(startRow-+index-1,colNaN(1,1));
end
Checking time treatment <=2
Checking missing position
Pad zero to NaN column
Compute N-dimension distance
Step 10.1  : vectorNaN = padZeroData(i,:);
Step 10.2 : sumData = zeros(ndata-row,1)
Step 10.3 : distanceData = padZeroData;
Step 10.4 : Loop and index indentifies the minimum distance row
for j=1:ndata_row
distanceData(j,:) = power((padZeroData(j,:) - vectorNaN),[2]);
sumData(j; 1) = sqrt(sum(distanceData(j,:)));
mx =max(sumData);
sumData(i,1) = mx; % Avoid itwill be minimum
end
Replace values in column which is NaN with data in index row,
minimum distance.
for j=1:c
resultData(i, colNaN(1, j)) = distanceData(index, colNaN(1,j));

end
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A15139% 4.5 A1ANUAAAAADU(NRMSE) mmﬂgm’l’ay’aﬁwﬁ’unm (SKNN-DP) @l 1

% missin 10% 15% 20% 25% 30% %Average
Dataset
Obesity 0.35184 0.40588 0.45748 0.48182 0.50208 0.43982
Thrombosis | 0.386775 0.474585 0.552964 | +0.629435 0.714833 0.55172

A1519% 4.6 AINNUAAAIAADN(NRMSE) 611m«m%’ayjaﬁwﬁun’m(SkNN-DP) AN 2

% missin 10% 15% 20% 25% 30% %Average
Dataset
Obesity 0.33948 0.45428 0.45845 0.47302 0.49756 0.44456
Thrombosis | + 0.377631 0467382 | 0:563123. -0.638664 | 0.713756 0.55211

M0 4.7 AANuAaIANIOU(NRMSE) vodgadayadiauing (SKNN-DP) gah 3

% missin 10% 15% 20% 25% 30% %Average
Dataset
Obesity 0.35783 0.41892 0.46137 0.50439 0.51776 0.45205
Thrombosis | 0.375297 | 0.483222 | 0.553492 | 0.640958 | 0.709619 0.55252
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Procedure Cubic-ExtrapolationDPImpute (CBE-DPimpute)

Input :Incomplete temporal dataset(D)

Output : Complete temporal dataset(D”)

Step 1 : Transform temporal medical data to low dimension in subspace matrix
1.1 Determine the system’s input variables for a temporal data matrix
1.2 Separate the matrix.into m.x n—each of patient subspace dimension.

1.3 Transpose ‘patient subspaces with missing values ,

[x(t) x(t) x(t,)... x(t)]

Step 2 : Compute in transposed. patient-subspace.

2.1 Repeat

2.2 Select the transposed subspace in-each patient case for imputation.

2.2.1 Repeat

2.2.2 Select row vector in each patient subspace

X, = [x{t) x(t) x(t) ...... x(t)] where t=12,...n .

Step 3 : Start fill missing

3.1 Check time- treatment of Patient —ID- and missing position

3.2 if time tratement of patient > 2
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3.2.1: Calculate coefficient / S(x) are used to calculate the coefficient of the function
3.2.2 : S(x) is defined as the combination of cubic polynomials S(x)

For the inner points x,, i=2,...... n-1

S1.1. S(x) interpolates the point (x,, f(x,)) : S(x) = f(x,)
S1.2. S(x)is continuous atx,: S, (x)= S(x)
S1.3. S(x) is continuous at X, Si’_l(xi) = Si’ (x)
S1.4. S”(x) is continuous at x; : Si”_l(xi) = Si” (x)
3.2.3 else For the First and Endpoint imissing //ﬂ'ﬁﬁ’f]gl:u@ﬂﬂhﬂ
Call extrapolation for impute()
3.2.4 Repeat Step 2.2/1--for nextrow in the patient subspace matrix.

3.2.5 Repeat Step 2.1 for next the patient subspace matrix.
Step4 : repeat 2.1-2.7 until there is-no missing value in each patient

Step5: Else if time treatment <=2
// Call. DPimpute();
5.1 Checking missing position
5.2 Checking missing-position

5.3  Pad zero to NaN.column

Step6. Compute N-dimension-distance
Step 6.1 : vectorNaN = padZeroData(i,:);
Step 6.2 : sumData = zeros(ndata _row,1)
Step 6.3 : distanceData = padZeroData;
Step 6.4 : Loop and index indentifies the minimum distance row
for j=l:ndata_row
distanceData(j,:) = power((padZeroData(j,:) - vectorNaN),[2]);

sumData(j, 1) = sqrt(sum(distanceData(j,:)));



Step7 :

mx = max(sumData);

sumData(i,1) = mx; % Avoid it will be minimum

end

for j=1:c

end

HaN1INAadl

v o Aa A 1 1 I~
HANINARBIA8ATALTZ ANTAINNITUSZaaIAaI8 NRMSE aaen13uailu %

a ' A
ﬂl@ﬂﬂ'lﬂ/]ﬂi'lﬂgﬂWQﬂJWWﬂﬂ@

resultData(i, colNaN(1, j)) = distanceData(index, colNaN(1,j));

{ ! 4 9 o w {
G]’lﬁ’l\ﬁ?l 4.8 mmmﬂmﬂmﬁ@u(NRMSE) VOIYAVDYAATAVLIN(CBE-DP) "]ﬁ]ﬁ 1

% missing 10% 15% 20% 25% 30% %Average
Dataset
Obesity 0.15362 0.17672 0.17966 0.17689 0:19429 0.17624
Thrombosis | = 0.094873 0:096731 0:109234.( -0.124589 |© 0.125196 | 0.11394

MM 4.9 AANAAIAADEYU(NRMSE) U03%9% 0y ad 9 uiaai(CBE-DP) AN 2

% misst 10% 15% 20% 25% 30% %Average
Dataset
Obesity 0.17599 0.18636 0.19399 0.20148 0.20400 0.19236
Thrombosis 0.096174 0.104513 0.112150 0.117913 0.123097 0.11077

44

Replace values in column which is NaN with data in index row, minimum distance.
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M15199 4.10 AIAINAAIAINADU(NRMSE) voagadoyadiaunal (CBE-DP) ol 3

10% 15% 20% 25% 30% %Average

Obesity 0.16638 0.18788 0.17660 0.18513 0.22564 0.18833

Thrombosis | 0.092212 | 0.104513 0.109459 | 0.112908 | 0.119322 | 0.10768
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4. 35m31lszanamigayrite SLLS-DP (Subspace Local Least Squares Distance

Imputation )
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Procedure : SLLS-DPimpute

Input : Incomplete temporal dataset (D)

Output : Complete temporal dataset(D)

Stepl : Transform temporal medical data to low dimension in subspace matrix
1.1 Determine the system’s input variables for a temporal data matrix
1.2 Separate the matrix-into m xn each of patient subspace dimension.
1.3 Transpose patient.subspaces with missing values ,
// column vector are time point'in the treatment,

the row vectors are.measurement variables from temporal data.

[x(t) x(t) x(t) ...... x(t) ]

Step2 : Compute in transposed patient subspace.
2.1 Repeat
2.2 Select the transposed subspace in each patient case for imputation.

2.2.1 Repeat

47
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2.2.2 Select row vector in each patient subspace

X, = [x(t) x(t) x(t) ...... x(t)] where t=12,...,n

Step3 : Start fill missing

3.1 Check time- treatment of Patient —ID-; and missing position

Y, atx(®=[ x;, ? x; ? .. xin]T
3.2 if time tratement of patient >.2

3.3 Select a row vectorin subspace patient case series for example observe a point

yobg = X(t]) s X(t.:;) s X(tn) H yt.miss =3 x(tz) B () s X(t4) = ?

3.4 Consider polynomial of fixed n to-find values.of a,b

2 .
Y- a, Py {) 5] 4 + amxm , n data points

(Xlayl),(xzayZ)a ------ ,(Xn,yn)

WAL a0 ,~polynomial equation
Xy = XX,
(th)-1 Xty ¥ (th)-1 (X'x). b

b= (X' X)Xy

3.5 Select X(t, ) in row vector have-observe values

‘obs

2 3
Y(tn—obs) = y(tn—obs) = a0 + (tn-obs) a1+( 1;n-obs ) a2+( tn-obs ) a3

3,6 Calculate the equations with lease square matrix and replace with the equation to find

b (-1is mxm inverst matrix)
b= (xx)' Xy
3.7 From 3.4, aj,al ,a, as a polynomial equation

2 3 .
y =a,~ 3,X-2,X -a,X /ledit a value

3.8 Replace x variable in the equation with the time point with missing data (t_. )



3.9 Repeat Step 3.1.2 for next sub-set of series until last sub-set
3.10 Repeat Step 2.2.1 for next row in the patient subspace matrix.

3.1.1 Repeat Step 2.1 for next the patient subspace matrix.

Step4 : Else if time treatment <=2

// Call DPimpute();

Step5: Else if time treatment <=2
// Call DPimpute();
5.1  Checking missing position
5.2 Pad zero to NaN column
Step6. Compute N-dimension distance
Step 6.1 : vectorNaN = padZeroData(i,:);
Step 6.2 : sumData = zeros(ndata_ row,1)
Step 6.3 : -distanceData = padZeroData;
Step 6.4 : Loop and " index indentifies the minimum-distance row
for j=1:ndata_row
distanceData(j,:) = _power((padZeroData(j,:) - vectorNaN),[2]);
sumData(j, 1)-=_sqrt(sum(distanceData(j,:)));
mx =max(sumData);
sumData(i,1) = mx; % Avoid it will be minimum
end
Step7 : Replace values in column which is NaN with data in index row, minimum distance.
for j=1:c
resultData(i, colNaN(1, j)) = distanceData(index, colNaN(1,j));
end

Step8 : Repeat 2.1-2.7 until there is no missing value in each patient
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A15190 4.11 A1AUAAANABU(NRMSE) 611mﬂgﬂ%’agaﬁwﬁunm(SLLs-Dpimpute) PN 1

Do misst 10% 15% 20% 25% 30% %Average

Dataset

Obesity 0.58630 0.59480 0.60225 0.60898 0.59978 0.59842

Thrombosis | 2.488174 /| 2.448375 2.467086, | 2.483993 2462677 | 2.47006

{ 1 A 9 o {
G]’lﬁ’l\ﬁ?l 4.12 a1NuAaIamadU(NRMSE) VNYAUDYAA1ALIAT(SLLS-DPimpute) "]):Wﬁ 2

% missin 10% 15% 20% 25% 30% %Average
Dataset
Obesity 0.57576 0.59875 .59103 0.58903 0.59522 0.58996

Thrombosis‘| 2.453547 |-.2.489672 2.464771 2.468265 2.439718 2.46319

A15199 4.13 AIANNATINAADINRMSE) Y0433 03ad 1A a1 (SLES-DPimpute) ol 3

P missin, 10% 15% 20% 25% 30% Y%Average
Dataset

Obesity 0.51584 0.58924 0.60225 0.60235 0.58253 0.57844

Thrombosis 2.439168 2.423025 2.453055 2.487622 2.427927 2.44616
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X= [ Xt ? Xt Xt Xts .o Xty]

173 175

Xt [ Xlt.... Xt ]

[ Xt 2?2 Xt

1 173

X(t,) = [ Xt Xty Xt] S Xt = [?]

1

NFDCsimputegiuuuaasnnsinaluiias fe

obs

fo(X) = ag + az + axXy +...+ @pXy, an =0

[Divide finite difference Table)
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Tunenluseazdenna procedure Aane 114
Procedure : NFDCs-DPimputation
Input : Incomplete temporal dataset (D)

Output : Complete temporal dataset(D)

Stepl : Transform temporal medical data to low dimension in subspace matrix

1.1 Determine the system’s input variables for a temporal data matrix
1.2 Separate the matrix into m x n each of patient subspace dimension.

1.3 Transpose patient subspaces with-missing-values-,

[x(t) x(t) x(t)..... x(t) ]
Step2 : Compute in transposed patient subspace.

2.1 Repeat

2.2 Select the transposed subspace in each patient case for imputation.
2.2.1 Repeat
2.2.2" Select row vector in each patient subspace

X o= b)) x(t)=x,t) L. x(t)] where =12,...n

Step3 : Check time- treatment of Patient —ID- ~and missing position

T

// Yatx(t)=[? x

il X

o IR

3.1 if time tratement of patient > 2

3.1.1 Seperate X  to subset of row vector (4 of set series)

FD = X(t) . -X(t)

max min

FDDV = FD/3
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3.1.2  Repeat
3.1.2.1 Separate data in two seton X, (t) , X . (t)

IY atx®)=[? x, x ox 1

X, : This shoulde be contain a set with a occure feature and no missing values.

t = [ 1 2 3 ]

1

X(ti)obs [ X(ti)obs X(tiﬂ)obs X(ti+n)obs ]
y(ti)obs = [ y(ti)obs y(tiﬂ)obs y(ti+n)obs ]

,Where x(t) is _time of treatement , y(t) is values at x(t)

obs

X,.is : This shoulde be contain a set with a feature and missing values.

t, =<

X(ti)miss y [ (ti)miss ]

y(ti)miss ~ [ y(ti)miss (‘)) ]

,Where x(t)is-time of treatement , y(t) is values-at x(t,)

3.1.2.2 compute on X, (t) . //for polynomial with set of observe values feature
are X (t),y,.(t) with condition order degree on Newton’s divide difference table

Condition order degree
observe treatment values-at the n point is n-th degreeusing n-th interpolation

f.(x) = b, +b,(x-x(t,,,)*tb(x-x(t,,)x-x(t,,,)*..¥b (x-x(t, ,)*)..(x-x (¢, ., )

3.1.2.3 Compute x(t) // from set of missing values features .

miss

Compute f/(x(z)) with the condition order degree by observer values of

n points for using n degree, that is , £, () , X(t)miss

f.(X)=rf.mx()



f. (%)

Compute
f.(x)= i{F[xl, Xy yeer %] ﬁ(x— xj)},

fn(X) = f(X1)+(X_Xl)f[X2’X1]+(X_X1)(X_X2)f[X31X2’X1]
et (X X)) (X %) P Xy ]

3.1.2.4 Replace the values with £ (x(z)) in missing position [ X((z)),.]

3.1.3 Repeat Step 3.1.2 ' for next ;sub-set.of series until last sub-set
3.1.4 Repeat Step 2.2.1 for'nextrow in the patient subspace matrix.

3.1.5 Repeat Step 2.1 - for next ‘the patient subspace matrix.

3.2 Else if time treatment<=2

Call DPimpute()
Setp5 : Loop 3.1 next patient one-has missing Until all patientno missing

HaN1INAaog
v v v a A 19 ) [
HaN1INARDINeAIAYTEaNENINNITUSZuN A1 NRSME Aen15uuai)u %

A ' A
m@Qﬂ’]iﬂﬂﬁ']ﬂaﬂ']qmuﬁ'mﬂ@

M99 4.14 AIANAMAINADUNRMSE) Y0 p1jad 1811081 (NFDCs-DP) A 1

P missin 10% 15% 20% 25% 30% Y%Average
Dataset

Obesity 0.10937 0.10908 0.10572 0.10790 0.10405 0.10722

Thrombosis 0.088264 0.086666 0.086861 0.086346 0.088185 0.08726
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M15199 4.15 AANUAAIANADU(NRMSE) veegadoyadiauna (NFDCs-DP) ol 2

% missin 10% 15% 20% 25% 30% %Average
Dataset
Obesity 0.11005 0.10533 0.10807 0.10764 0.10253 0.10673
Thrombosis | 0.087300 | 0.085698 0.084505 | 0.086512 | 0.089347 | 0.08667

A0 4.16 AANUAAIAIATOU(NRMSE) vadyatioyadiaunal (NFDCs-DP) 4afl 3

P/o missin 10% 15% 20% 25% 30% %Average
Dataset
Obesity | 0.11068 0.11439 0.10711 0.10661 0:10511 0.1087
Thrombosis | 0.088077 | 0.087218 .| ~0.086881 0.086741 0.087557 | 0.08729
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WiX,= [ Xt Xt ? ] Tugwmiausnuazuiuladgane
w2X.= [ Xt ? Xt | - - o ’ . .
3. raenIuTadnlsingagarieludmi
wW3X= [ ?2 Xt Xt ] - v oy
usn wagIuladganiienising

14

wax.= [ Xt, Xt Xt ]

t X t ) ] W3Xi= [ ? X1t4 X1t5 ]

175 176

WsX.= [ X

= 2
weX. = [ Xt ? Xt WeX; [ Xite  ? Xitn ]

4. UszaNuAId18 NFDC

W3Xi= |[ ? Xits Xits ] = NFDCsimpute

WeXi= [ Xits 7 Xity ] NFDCsimpute

5. Lmu‘ﬁm(Replace value)

W3Xi= [ Xitsimpute Xata  Xits ]

WeXi = [ Xitg Xit7impute  Xatn ]

URUNND 4.7 uaaeuuIAan s sz nuaIgMeais3sn1s NFDCslideW-DPimpute
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5. @oudmMUaazlszuam
5.1 aoudwrisdoyaiiononyadoyanuyan  Slideing window TuuABZIDIVD
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gamenlsngaigymiy
53 fmutadszanualy 52 @28 NFDCsImpute
2.4 o 2 .
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9 A o
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UsngagymIenInnd 1 A1

1 Yy A .
ﬂizmmmqmumﬂﬂ’mﬁﬂﬁ DPimpute

Tunoulus18a198nNa procedure fHafe 11lH
Procedure : NFDCsSlideWimpute()
Input : Incomplete temporal dataset (D)

Output : Complete temporal dataset(DD)

Stepl : Transform temporal medical data to low dimension in subspace matrix
1.1 Determine the system’s input variables for a temporal data matrix
1.2 Separate the matrix into m X n each of patient subspace dimension

1.3 Transpose patient subspaces with missing values, [ x(t) x(t,) x(t,) ...... x(t) ]

Step2 : Compute in transposed patient subspace.
2.1 Repeat

2.2 Select the transposed subspace in each patient case for imputation.
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2.2.1 Repeat
2.2.2 Select row vector in each patient subspace
X, = [x(t) x(t) x(t)...... x(t)] where t=12,...n
Step3 : Check time- treatment of Patient —-ID- and missing position

/o Yatx®)=[? x Xy . x 1

Xi2 i3

il
3.1 if time treatement of patient > 2
3.1.1 Separate data with Sliding window on row vector
3.1.2 Check each window have missing position in the first
3.1.3 Select window have missing position in the first and Select the last W
3.1.4 NFDCslmpute
3.1.4.1 . Repeat

3.1.4.2- Separate data in 'set of window from 3.1.3 on X (t), X . (t)

T

Y atx(t) =75 XX, X .or X7

X, : This shoulde be contain aset with-a occure feature and no missing values.

t, H(ESN2"//] ]
X(ti)obs 3 [ X(ti)obs vy X(ti+n)0bs ]
y(ti)obs N [ y(ti)obs Ny y(ti+n)obs ]

,Where x(t) is time of treatement , y(t) is valuesatx(t),,
X, : This shoulde be contain a set with a feature and missing values.
t. = [t]
X(Oiee = [ (®)i]

[ y(6), (D ]

y(ti)miss

,Where x(t) is time of treatement , y(t) is values at x(t)

miss

3.1.43 compute on X, (t)  // for polynomial with set of observe values feature are

X (t) . ¥, (t)  with condition order degree on Newton’s divide difference table
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Condition order degree

observe treatment values at the n point is n-th degree using n-th interpolation

f,(x) = b, +bx-x(t,,))+tb,(x-x(t, ,)x-x(t,,)+...+b (x-x(t, ,)*¥)...(x-x(t_ ., )

3.1.44 Compute x(t) .. // from set of missing values features .

Compute [ (x(z)) with the condition order degree by observer values of n points for

using n degree, that is , fn () , x(t)miss

f.(X) =f )

Compute f” (%)

f (x) = Zn:{F[xl, X0 X ] ﬁ(x— xj)},
i—L =L

fn(x) O f(Xl)+(X—Xl)f[Xz,X1]+(X—Xl)(X—Xz)f[X3,X2,X1]
F e (X X)) (X X ) (X=X ) X X X, ]

3.1.4.5 Replacethe values withf (x(z)) inmissing position [-X{((z)), ]
3.1.4.6 Repeat Step 2.2.1 fornextrow in the patient subspace matrix.

3.1.4.7 Repeat+ Step 2.1 for next the patient subspace matrix:

3.2 Else if (time treatment<= 2) - or (missing all position in window)

Call DPimpute()

Setp5 : Loop 2.2 next patient one-has missing Until all patient no missing



63

Wan1INaasg

v W a A 1 [
Nﬂﬂ”lﬁﬂﬂﬁ'é]\i@ghﬂﬁfnﬂﬂigﬁ"l/l‘ﬁﬂ"lWﬂ”lTlJi%iﬂmﬂW%}'JEJ NRSME ﬁ)'JEJﬂTﬁLLUQLﬂH %

A ' A
m@ﬂﬂTiVIﬂiTﬂgﬂTQﬂJWTﬂﬂ@

M5190 4.17 AANAMIANADU(NRMSE) voeadoyadiaunal(NFDCslideW-DP) gai 1

% missin 10% 15% 20% 25% 30% %Average
Dataset

Obesity 0.116602 0.124625 0.11337 0.115263 0.109759 | 0.1159256

Thrombosis 0. 090381 0.098683 0.097055 0.095957 0.096556 | 0.097195

{ ! § 9 ol w H
ﬁ'lﬁ'l\ﬁa 4.18 ﬂ']ﬂj'luﬂa'lﬂlﬂﬁ'E)U(NRMSE) VNYAUDYAAIAVLIAT (NFDCslideW-DP) "]g'ﬂ‘ﬁ 2

Vo missing 10% 15% 20% 25% 30% %Average
Dataset

Obesity 0119815 0.118748 0.117345 0.112039 0.112311 0.1160516

Thrombosis 0.099243 0.096917 0.097547 0.097765 0.09792 0.0978744

A13197 4.19 AANuAMAAABL(NRMSE) ¥993av0yaa1a a1 (NFDCslideW-DP) ¥af 3

10% 15% 20% 25% 30% %Average
Dataset

Obesity 0.125992 0.122046 0.113059 0.114096 0.11125 0.117288

Thrombosis 0.901956 0.098895 0.097888 0.096974 | 0.094852 0.09576
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Nan51TeuMNeVAINULLUEINIY normal root mean standard error (NRMSE)

'
A o 1

Tugiuny percentage 3ngatoyanlFlunmsnaassdiuu 3 gadoyanduriimsgyme

RU

9 [} ao’ @ 1 Aas
Gumsumg,ahlumﬂucluLmam‘ﬁmi



M3IN 420 AANUAMIANADU(NRMSE) Y03 gad0oyad1uIa1 Obesity 3ad 1

% missing

Impute 10% 15% 20% 25% 30% Average

Methods
DPimpute 0.10760 0.10824 | 0.11134 0.11425 0.11484 0.11125
SkNN-DP 0.35184 0.40588 0.45748 0.48182 0.50208 0.43982
CBE-DP 0.15362 0.17672_.. | 0.17966 0.17689 0.19429 0.17624
SLLS-DP 0.58630 0.59480 0.60225 | 0.60898 0.59978 0.59842
NFDCslideWindow-
DPimpute 0.116602 | 0.124625 | 0.11337 0.115263 0.109759 | 0.1159256
NFDCs-DP 0.10937 0.10908 | 0.10572 0.10790 0.10405 0.10722

MINA 421 AANUARIANADL(NRMSE) U043 adoiad1a117a1 Obesity A 2

% missing

Impute 10% 15% 20% 25% 30% Average

Methods
DPimpute 0:10777 0.11093 | 0.11076 0:11760 0:11456 0.11232
SkNN-DP 0.33948 0.45428 0:45845 0:47302 0.49756 0.44456
CBE-DP 0.17599 0.18636 | 0.19399 0.20148 0.20400 0.19236
SLLS-DP 0.57576 0.59875 0.59103 .|"0.58903 0.59522 0.58996
NFDCslideWindow- 0.119815 | 0.118748..[ 0.117345 0.112039 0112311 0.11605
DPimpute
NFDCs-DP 0.11005 0.10533 | 0.10807 0.10764 0.10253 0.10673
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MIIN 422 AANuAMIANAOU(NRMSE) Y83 gavo3ad19u1Ia1 Obesity 37 3

% missing
Impute 10% 15% 20% 25% 30% Average
Methods
DPimpute 0.10609 0.11130 | 0.11436 0.11520 0.11184 0.11176
SkNN-DP 0.35783 0.41892 0.46137 0.50439 0.51776 0.45205
CBE-DP 0.16638 0.18788.. | 0.17660 0.18513 0.22564 0.18833
SLLS-DP 0.51584 0.58924 0.60225 | 0.60235 0.58253 0.57844
NFDCslideWindow-
DPimpute 0.125992 | 0.122046 | 0.113059 0.114096 0.11125 0.117288
NFDCs-DP 0.11068 0.11439 | 0.10711 0.10661 0.10511 0.10878
Temporal obesity data (%@ 1)
Temporal Obesity medical dataset-[DATA1]
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Temporal obesity data (4@ 2)
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Temporal Obesity medical dataset-[DATAZ]
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AN 4.10 NTIULAAININTINVOI % of Missing values Temporal obesity data (4R2)
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A A = 3 a A 1 A
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YoyadihelsnriaeniaeaanesyHagadi (Thrombosis)

A15190 4.23  AIANUAAAANADU(NRMSE) U84 ﬂm%’agaﬁwﬁmam Thrombosis 4@ 1

Y% missing

Impute 10% 15% 20% 25% 30% Average

Methods
DPimpute 0.147970 | 0.152707 | 0.154287 | 0.161768 | 0.168859 0.15712
SkNN-DP 0.386775 474585 | 0.552964 | 0.629435 0.714833 | 0.55172
CP-DP 0.094873 | 0.096731+| 0.109234 0.124589 0.125196 | 0.11394
SLLS-DP 2488174 |/2.448375 | 2.467086 | 2.483993 | 2.462677 2.47006
NFDCslideWindow-
DPimpute 0.090381 {-0.098683| 0.097055 0.095957 0.096556 0.097195
NFDCs-DP 0.088264 | 0.086666_| 0.086861 0.086346 0.088185 0.08726

M15190 4.24 AIAINADIANABU(NRMSE) 193 gadaiaa1auiial Thrombosis 4 2

% missing

Impute 10% 15% 20% 25% 30% Average
Methods
DPimpute 0143519 |.0.146628 | 0.156782 0:160918.1/0:170778 0.15573
SkNN-DP 0.377631 | 0.467382 | 0.563123 | 0.638664 0.718756 | 0.55211
CP-DP 0.096174 | 0.104513 | 0.112150 0.117913 0.123097 | 0.11077
SLLS-DP 2.453547 | 2.489672 | 2.464771 | 2.468265 | 2.439718 2.46319
NFDCslideWindow-
DPimpute 0.099243 | 0.096917 | 0.097547 0.097765 0.09792 0.09787

NFDCs-DP 0.087300 | 0.085698 | 0.084505 0.086512 0.089347 0.08667




A15199 4.25 ANUAAIANADU(NRMSE) Y03 gad0yad19u1a1 Thrombosis A 3

% missing

Impute 10% 15% 20% 25% 30% Average

Methods
DPimpute 0.144625 | 0.149842 | 0.152767 | 0.158743 | 0.166604 0.15452
SkNN-DP 0.375297 | 0.483222 | 0.553492 | 0.640958 0.709619 | 0.55252
CP-DP 0.092212 | 0.104513 | 0.109459 0.112908 0.119322 | 0.10768
SLLS-DP 2439168 | 2.423025| 2.453055 | 2.487622 | 2.427927 2.44616
NFDCslideWindow-
DPimpute 0.0901956 |/0.098895. | 0.097888 0.096974 0.094852 0.09576
NFDCs-DP (*) 0.088077 |-0.087218 | 0.086881 0.086741 0.087557 0.08729

wﬂ%’ayjaﬁﬁunm Thrombosis (Temporal Thombosis dataset) (% 1)

Temporal Thombosis medical dataset-[DATAT]
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MNN 4.11 : PIIMNUFAININTINUBI % of Missing values(Temporal Thombosis dataset) (Y@ 1)
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NN 4.12 1 nFINUAAININT WD % of Missing values(Temporal Thombosis dataset) (472)

NRSME

G];ﬂ%’ayjaﬁwﬁm’am Thrombosis (Temporal Thombosis dataset) (3 3)
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5. Murama Max 1 level ganeluudag SET (A) |, (B)
Max(A) = max[(all),(al2),...)
Max(B) = max[(bl11),(bl2),...)
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Procedure: Inner distance.combination transformation method
Input: a complete temporal dataset (D)
Output: singular new feature values

Stepl. Separate data in the patient subspace matrix.
Step2. Repeat
Step3. Select each patient in the subspace matrix.
3.1 Transpose the patient subspace matrix.
3.2 Repeat
321 X ; i=itl, i=1,2,3,...m
3.2.2 Select a row value in the subspace matrix.
[ Xiltd Xiltz] Xilts] Xi[ta] ... Xi[ta] ] ,i=1 ... m
3.2.3 Separate a set in the series into two sets.
[Xi[ta] Xi[tz] Xilts] ... Xilta2]] and  [Xiltozea] Xiltazs2]l X[tj243] ... Xilta]]
3.2.4 Compute A and B from the first set in 3.4
Ineach level j; j=1,23,..,n/2 .

j=1; aflk] St +xiftea)? ., k=1,23,....n/2-1
......... (1)
it , k=n/2
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bkl = [Ix[td*xite]® , k=n/2+1,0/2+2,...n-1

......... ?2)
XX [Twzal” , k=n
when aj[j,k] and bi[j,k] where j=2,34,...,n/2
alj,k] = \I alj, K]+ afj k+1]°  , k=1,23,....,n2
......... 3)
< aili K+ alj,1] * , k=n/2
blik] = \I bilj,k]*+ bi[j,k+1]1% , k=12.3,....n2
......... O]
Joblkbh12  k=ne
3.2.5 Compute A and B
lAl = Max(afj,k]) / 4sj=n2 , k=123,...,n/2 ... %)
1Bl = Max®o[j,k] Jj=n/2°, k=123,...n/2 ... 6)
3.2.6 Compute D
D(X)= Max (JAILIBIT) = v & 20 e e @
3.2.7 Until i<=m.
Stepd. X = [(X1) (X2)..... )] /Inew feature
Step5. Repeat step 2 for patient subspace n+1.
Step6. Xi' = [(X1) (X2)..... ()] [Inew feature set
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Wosud1e35ms IDTC

Inner distance combination
359 -IDTC(Proposed)
Decision Naive SVM Neural
Tree Bays Network
MANUUUT(Accuracy) | 63.2385 | 80.3063 | 85.3392 84.4639
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Inner distance combination IDTC(*)data-|..88.8889 0.893 0.889 0.885
Mean transform data 84.3434 0.854 0.843 0.834
Median transform data 72.2222 0.711 0.722 0.705
Stdev transform data 85.8586 0.862 0.859 0.853
Variance transform data 85.8586 0.862 0.859 0.853

4 o aa . . {q 9 Z '
TMNTOUAIWANTDA A mean, median, stdev, variance  JUATFIUNITHIRUNUAIVD YA


file:///E:/pum-edit%20Space/about/cLASS/ปรับพารามิเตอร์ในC.pptx

80

o an 1 g 9 A o 9 2 Y
fl]”lﬂﬂ”liW@Ju”l’J‘ﬁﬂﬁﬂigiﬂmﬂ"Igigﬁ”lﬂllﬁ%ﬂi?ﬂﬂﬂiilﬂ]@gﬁ WaHIgavayalsua

v { ' 4 o w
gadoyaReInunlszuuaigymenazniueiudoya MngadoyaddunananIzAY

= g’/ d‘ o 9 4 v ax Y ad
‘V]ﬂJ"IG]i’Jfl]Tiﬁ"lflﬂi\‘]LWE’J‘L!”ILGU”IUhJV]iTuV\Ii’JillGluLmag’J‘ﬁﬂ’JEJ’J‘ﬁﬂ"Ii IDTC transform, Mean

5 {d
transform, Median transtorm, Stdev transform Ll@% Variance transform N3 llﬁl YA 61911 ayanilu

Q U

dunu e ud Tuaan13Tuunngu SVM (Support vector machine) tag Jalse@nian
MFTMUNNGUIINAINIIWUNUGIR AT Accuracy WUNYAToYANYTZINUAIFRYMIOLAY
J 9 Y an = [l o o 1 Y VA
niuesudoyanie35n1s IDTC transform A wuiudrlunmssunngulaaninile
WSeuNeunuIs Mean transform, Median transtorm; Stdev transform L@ Variance transform

AIA1T N 4.28

anlse

=

4 4 Y { 1
i]'lﬂﬂ‘ig‘]J'JUﬂ'l'iﬂluﬂTi‘Vli'luV‘lfJill&ﬁﬂﬂ'lﬁ'luﬂuifﬂeﬁj@y’ﬁ ﬂWﬁﬁ%%Uﬂﬂ'J'lG]gﬂeﬁlﬂiJﬁ

U

o

Y 1 1 Y
1 1danse i YuegiunmiillFluaaiisauly Tnnwdselianlaiinsainnumiue

[ 1

4
Mngadoyagail NgInamaIuuiud lunsiunimelszionngualenszuauns

U Q

NuunnguUaz IS ANEA MM LIUANGY

9
LY

WUINHANITNAREY. MITAAMINUIINGATEYANDIITNT IDTC TRHANTTIUN

=) 1 9 A a wAa 1 dy
anyadoyaous WsanINAMaUAae 11

[

S a U ] A A A Ay ') A ° '
1. 114ﬁmumm%ﬂm“lﬂmauawwau% mmmmm’ouaﬂﬂzﬂuag mmamzumﬂm

a [ Y 9 A A Y = [ 1 o I AanA A
‘JJWWEUﬁ'ﬂH‘i’JiJ‘Vl'lﬁlﬁ‘U@HaﬂNﬂWNWﬂﬁiﬂuﬂﬂmﬁEJi’JiJﬂ‘L!th mumﬂgmgﬂmﬁmwmﬁm
Ny A 1 o ' & 1A 9 A Yo .
gdvdlanuniog a mtmmmqﬂmwﬂnwmmwagaauq ﬂ']ﬁﬁlclf’l‘ﬁ Median transform

[ Y o 9 A a 1 1 35 J 1 ~
Eﬂ$‘1/l"|cl“l”ihli°’l AUNULEAVDYANNWITUIUINAUNIUY gruanuudsdsiutazarudeauy

v
aAAad a 1

3 Y 1 1 { o
NW@?;‘@WHLﬂuﬂ’]ﬁ?ﬂﬁ383“1@%@@%@Ea%1ﬂﬂ1lﬂaﬂ Glmlmz‘m‘ﬁmi IDTC W15 1910N1T9UR

Y

v 9 LB @

ANAANUAIOMIN Tnner distance ngogannu lindeyaszlinminvsodosrzinisan

9 (Z [ 9

[ =< Yo Y I S ¥ g’z =3 1 Y1 g
A1VBYANNAT %Qﬁ”lﬁJ”liﬂGl“l)'ﬂiJ*UE]i;l‘ﬁaﬂngclﬂﬂ"lﬂ ﬁuu%wwaﬂulmnﬂwgﬂmammﬂ

EY)

as S Am Aa A [ a A o 1 Y T an A
’J‘ﬁf‘lﬁ‘ﬂﬁi&ﬂ@ﬁﬂlﬂ\lﬂigﬁ‘VI‘ﬁﬂWWiﬂﬂf‘lﬁ’Jﬂ‘ﬂi%ﬁ"ﬂ‘ﬁﬂWWiuﬂﬁﬁ]WLLuﬂﬂQN‘lﬂﬂﬂ’N’J‘ﬁ@u‘]



81

o 9 ) a Y s R v
2. 11!ﬂTi‘l’iWl’JLL‘V]“L!“]qﬁ]ﬂl@i;ljﬁﬁ]"lﬂsllﬁlyﬁL%ﬂLlaiﬂ’Jﬂﬂigﬂ’J‘L!ﬂ”licl,uﬂﬁ‘i/liﬁﬂl\l@ill@]ﬁilzllﬂ

A 3 %] 1 9 ~ 9 as 4 1 S A 1
yant ‘Ll@]?]LL‘V]‘L!ﬂ"Iii]%‘]J’f)ﬂ’J15]5@"1]i’JiJa‘V]Li”lﬂﬂiﬂﬂ?‘ﬁﬂﬁ‘]ﬂi”ll!ﬂ@illLmﬁ&i"]gﬂﬂ‘ﬂi’f]hln

U Q U

=

%A

]
] [

o = dﬂ! v ) A A a dy a ] )
tsenitsruegiumsih ) 1dludamsauls  luadseliaulaiasananuumindinings

9
doyagaiiNndinemanumind lumssuunynelszmnngualonszuiunssuunngu

) A a v & 4 [l ° A @ <
uazialszaniam Auiwieyatoyavrous HIUMIT UM TZIANA835NITREINY 1510

aunsafFeuiisulszdniawnisswungadoyanaieg nulaegainain1mmiue

a A

' ' o 1T 3 a { o
(accuracy) arm1aWuNudIgeuaasduiluiznshddszansaimluvniunisiue

Y
% 1

o 1 Y A T o ] Y W 9 A g
NITVULUNNQUITNYAVDY AN ﬂi]'lﬂﬂ'lﬂ’)'liJLLiJuEﬂﬂfl]gﬂx‘l'Uf)ﬂvlﬂ'J'lﬂ1@]’3Llﬂuﬂj@ﬂlﬂy‘ﬁulﬂu

U

Ay
AINANIY

4.3 agﬂ?’%’m‘s Imputation&Tranform
NFDC-DPimpute& Inner distance combination transformation method
(NFDCs-DPimpute-IDTC)
9 o K 9 o g’/ an A = Aq .Y a a A A
VINNIINATDINT Elﬂ\?llﬂ Wﬂluﬁ@u?ﬁﬂi%ﬂUﬂﬁﬁﬂ‘kﬂﬂiﬁﬂ1§ﬂ§$£ﬂuﬂi$ﬁﬂﬁﬂ1w1ﬂﬂ
I~ & = o A 9 1
Nga NNADINTSUIUNTIINNISUIUNITUUABDULAYD 1“ﬂ3ﬂ!ﬂ‘]§ﬂﬂl@i§.ﬁﬂ51ﬂ§]ﬂ1qmﬁ18

o s A 9 ¥ ~ ) & i~ A Y Yy '
LL@Z‘VﬂﬂWi‘ﬂi11!"!’\]’é)‘iiJLW’EJiﬁﬁTJJTﬁﬂ%@ﬂﬁlﬁifJiJ“]gﬂ"llfJﬂJ“ﬁﬂiﬁlﬂﬂ’JLWflﬁlWllﬂﬂlﬂiJaﬁlgﬂclﬁiJ

9 o 9 o
nsoulunisiuvrluaanisvunlsmn

Procedure NFDCs-DPimpute-IDTC method

//NFDCs-DPimpute Static
- Classifier

End.




Input : Incomplete temporal dataset (D)

Output : Complete temporal dataset(D)
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Stepl : Transform temporal medical data to low dimension in subspace matrix
1.1 Determine the system’s input variables for a‘temporal data matrix
1.2 Separate the matrix into m x n each of patient subspace dimension.

1.3 Transpose patient subspaces with missing values.,

Step2 : Compute in transposed patient subspace.

2.1 Repeat

2.2 Select the transposed subspace in each patient'case for imputation.
2.2.1 Repeat

2.2.2 Select row vector ineach patient subspace

Step3 : Check time- treatment.of Patient —ID-; and missing position

n

3.1 if time tratementof patient > 2

3.1.1 Seperate X to subset of row vector (4 of set series)

FD = X)) e - X
FDDV = FD/3
3.1.2 Repeat

3.1.2.1 Separate data in two set on X (t) , X . (t)

3.1.2.2 compute on X, (t)  // for polynomial with set of observe values
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feature are X, (t),y,.(t) with condition order degree on Newton’s divide

difference table

Condition order degree
observe treatment values at the second time point is second degree

using linear interpolation

[, (x) = b, +by(x-x(t;,,)

observe treatment values at the |three point is third degree

using quadrali¢c ~interpolation.

Lo () = by # by X(1,,)) Tos(x- x(y.,,) (- x(1,,,)))
observe treatment values ‘at the fourth-point.is fourth degree

using cubic interpolation

Jo () = by by x(t, 5, )by (2 g ) (6= X (1, y )) b (= X1 ) - X1, (- X(1;,))

observe treatment values-at the n-point is n-th'degree “using n-th . interpolation

L (x) = b, + by(x-x(t,,, ) +by(x- X(t, ;) (= X(1, ) T Ab (6= x(1, D)) .. (xx (1, ., )

3.1.2.3 Compute x(t) // from set of missing values features .

miss

- Compute f (x(¢)) with the condition order degree by observer valuesof n points for using

n degree, that is , £ () , x(t)miss

fn (X) =jf1(x(t,))

f. (%)

Compute

f.(x) =Zn:{F[xl, Xoyeey ;] ﬁ(x—xj)},

fn(X) = f(X1)+(X_ Xl)f[XZ’ X1]+(X_X1)(X_ Xz)f[xsi)(z’xl]
et (X)X 5) (X=X ) FDy X ]



84

3.1.2.4 Replace the values with f (x(z)) in missing position [ X{((z)), ]
3.1.3 Repeat Step 3.1.2 for next sub-set of series until last sub-set
3.1.4 Repeat Step 2.2.1 for nextrow in the patient subspace matrix.

3.1.5 Repeat Step 2.1 for next the patient subspace matrix.

3.2 Else if time treatment <=2

Call DPimpute()

Setp4 : Loop 3.1 next patient one-has missing Until all patient no missing
// Inner distance combination transformation method
Step5. Select each patient in the'subspace matrix.
5.1  Transpose the patient subspace matrix.

5.2 Repeat

521 1 X, i =ik, [=1,23,..,m

5.2.2/Select a row valuein the subspace matrix.
[ X[t ] X[t} X6 X[t,] . X[t]] i=l...m
5.2.3 | Separate a.setin the seriesinto two sets.

[X{t] X[6}X[t] . X[t 1T and (X[t d Xt , ] Xlthele X[t 1]

5.24 Compute A and B from.the first set in 5.2.3

Ineach level j5.j.=1,2,3, .csn/2 .

i=1 aftkd =d Kl T ck=123002-1 L (1)
N x [ T , k=n2

b[1k] = x[tI+x[t, ' . k=n2+1,02+2,.. .01
Jx It , ' ., k=n L )

when afjk] andb[jk] where j=234,...n/72

alik] = J/QI alikl+afiktl]® | k=123,..02 ool 3)
ai[j:k]z—‘r ai[jal] ! > k = n/2
blikl =  JbK+ bk, k=123,002 e, 4)

o0 L k=02
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5.2.5 Compute A and B
IAl = Max (a[jk]) ,j=n22 , k=123,...02 ... (5)
B = Max(bfj,k]) ,j=n2,k=123,..02 ... (6)
5.2.6 Compute D
D(X)= Max (Al BMH (7)
52.7 Until i<=m.

Step6. X, = [(x,) (x,)..... (x,)] //new feature

Step7. Repeat step 2 for patient subspace

Step8. X! = [(x,) (x,)..... x)] /7 AN\ ‘ //new feature set
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