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Aolert. 9ol z,y, 2 € X thate],
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2 f i X x X - R

(1) Vo,y € X, f(2,y) >0 (f(r,y)=0 & z2=y)
(2) Vo,y € X, f(x,y) = f(y,z) ( HFG , symmetry)
(3) Va,y,z € X, f(z,y)+f(y,2) > fz,2) ( 2 F-&54]  triangle inequality)

gtz o g AR d= HERARL 2 Aol dE HolH o AHeE

3.1 7|& AY
3.1.1 $32Ic A
FE2HE A dutdoz Abgst= Aolth d-AHd FE3E AF f -

fl@y) = V(@ — )2+ (22 —92)2 + - + (za — ¥a)?
vm7y € Rd? 0:17]]\1 T = (x17x27' T ,.'Bd), y= (y17927 e 7yd) O]E}_
3.1.2 "WIZZAY] A (Minkowski Distance)

d-7Hl MREA7) AT f: R x R? - Rz th53 o] g oj st

1

d P
o= (S o)
i=1



Va,y € R 7| = (w1, 22, ,2a), ¥y = (Y1, Y2, ,¥a) °IFh

p>1 7S WFTAT] A= Ao HoE TSk AT 0 <p < 1
QA7) B, A o] BolE WESIAL Baky. shAr
2 S804 ol8oES gk WRmAY] Asjz p = 1 9]
H, p =223l A F2HE A7t "t

3.1.3 p-Norm

p-Norm | - [l &3} Zo] o] g,

d 1/p
%Iy = (Z \$i|p>

i=1
A7|A x = (21,...,xq) € RE o]}
p-Normo] 9]9] 2= At IFZ A7 AZE fFLEstnZ, o= p-
Norm} o] 2 5= 919 AgES 8o AFgote S gtk EF0<p <1
74 ol d9s] Normo] ofz|gt, Hold NormO &2 Agste & gheh 1]
1 0|2 GLEEE A T3 HoE ukESH= A2 (Distance) 7} ofY AT AE &2
AFSHe S Qtrt

3.2 AZ9 FAZF(Concentration of Distances)

7]2]¢] 7% (Concentration of Distances)o]et Tx}lo] A = A Afo]e] # g
7b g2 v A A, AY bt dES F FESHA] Eohe A ERiT (6]
o= A " Tl A7 23l daiA dust, =
2 712 A1 E =3 )l [6]elA1 9] A o] FFat s A E [7]olA o2
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A 4] 1: Beyer et al
XU :1<j<nEdzYiid #Hyg He]So]afd s}F. TFroF

: X)) B
Jim Var (E(HX(J)H)> =0
olgfH, ¢Jojo] ¢ >0 of ths}t

d—o0 min; HX(J') H

- [m X0~ min ] _ ] B
o).
o714, ||| & ¢leje] SFarolct

=, 9] Aelo] 44 sel A 2Helo] AW Qole] £ A Afolo] A7t BE ]

Sealick, 1] o], Ao TEAel onlk ARk Bk B3 ol
91 9ol o EqF AME2] A 7] (sample size)7} SE5|] AttH AHdt= A&
Bk 3t [7]o 4= A2 29} Proposition 1-2 XH ¢t}

A4 2: D.Francois et al
X = (X1, ,Xq) 7F 2 GJEO] X; ~F Ziid HJEES 7IXE dY ezt
7 5. 228l hgo] YT

Var (| X1,)

m -———-———-——=20
d—oo E ([ X]|p)

o1 7]Al, p >0 °]ct.

Propositon 1: D.Francois et al
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3.3 Interpoint type distance

Interpoint type distancei= F & Ato]o] A2 & +& off, ot& JES A ©]
85to] 5 7 Afole] el S sk wFAlo|ck. [5]e] 4 Interpoint type distance
£ o] 835t B77|(classifier)7} 121 AFg oA 2|9 FZ(Concentration of
Distance)o] ASHE 4%, §3E AdE ol 88 277 met & A5oche
22 Heh B3t AU 744 sfol M, AR H5] (classifier) 7} HDLSS(High
Dimension Low Sample Size)2] 4 A|A|(asymptotic regime)of| 4| ZH-55h=
A9(ME Ao Z7L RAH o] T, Ago] a2 2 ul), AlHH B5719] o
g9 HH4s Bl

=
=
H A SLof| A= Interpoint type distanceE t-SNE2] 12} 2t=2 9] 72| & =7
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3.3.1 Mean Absolute Difference of Distances (M ADD)

[5]o| A= Ao A 2] A 2]9] % (Concentration of Distance) A S 3
| sl = 22 7125 AAskA. o] A= va £ Aol 7]
Wi 27]e] 2eA (dass)E FRE BAE AT LuE HEol 2T,

ST RS FhAE chi PEEetn Fat,

it
olt
o
N

=, class-1,2 &= Bt M7t g g = (1, pas - 5 )"

3, FEAYE LR 4 = ofly and By g = 031y Q1 THHAZF AR L0}

X =(X1,...,Xg)T and X* = (X7,... ,,XZZ) 7} class-1 2E2E 9 =3 =

2] = (independent observations) ©]1, d~!||X — X*||) = d ! Zle | X — X |P=

d7)¢] E o] FU3H(independent and identical) &3 ©] SH& 49 Hyfoltt.

u}2hA] pAb A& (moment)©| F3H(finite)s}tHH 73t~ 2] (Strong Law of Large
Numbers)of 2]3],

d
dX = X*|p=d ") |Xi - X7 P E|IXy - X{[P as d — oo (3.1)
=1

oltt. mpNAR Y = (Vq,...,Yy)? and Y* = (Y7,...,, YT 7} class-2

2HE O =9 =] (independent observations) o]2fal SFxf. T1ZTHH

dNY = Y* P EY) — Y*]P as d — o0 (3.2)

o|t}t. upz|eto 2 wiek X 7} class-12] 8H& HZo|1, Y 7} class-29] &H&

dHX -Y|P X EIXy - YiP as d — o0 (3.3)

ojt}y. wrabA thg 3t B2 A pr 5 AZFSkAt &y, A= 242 class-1, class-29]
FEFdoltt. T12]al z = class-19] n| O] =2 o]A w= BEH T P4ty

1] O 1]
12 a1 =

and pig,g = (g, 2, -+ 5 p2) "



7} A 54}

* —1
pp(z, W) = |X1 U Xy — w > llz = t[lp — [[w — t]lp|
te{X1UX>—w}

919} (3.1),(3.2),(3.3)°] oI5} p2} A&

(moment)©] f3t(finite) s}t H, TF20]
dHet

p;(z,w)CL—";OﬁzQ}w—‘;—ﬂ

o Z| A (class)o|tt.

A AY ppE TAT pE T} Zol FYstal, o]F Mean Absolute Dif-

ference of Distances (MADD)=2}1! it} o] 7] A d & do]E] 9] Apo|tt.
p(Z,W) - ;L Z

’X1UX2|—2f

Iz = tlls — [w — t]2]
tE{X;[Ung{W,Z}}

3.3.2 Absolute Difference of Distances from the Mean (ADDM)

[9]o1AE 919] MADDE X 3T t23 22 Af 68 At

7, wE A2l Ho|ESe] Wolth. w4t d L dlo]Ee] Aol
5(z,w) = jg llz — 2 — 1w — &l

A7, t = moms Lte{tuxa—{w.apy b 0T

1 [ -
13 ~M=T1



Al 47 124 Holgo &-§

572] 2hilo] Qi 574671910] 1Akl §474 HolE 6771¢] tiato] -SNEE

A QT A AholA 7t ep 5] UH Arg ulae 2 Aot} t-SNE]

A B7re] 728 ARG o, 7] 2o] ALgSHE G2ele 2], Wele A
H]Z 3] Interpoint type®] #2291 MADDS}F ADDM-S 0]23F Ao]c}.

T3 -SNEE 28517]0] QA A AZ2lde 8 Aolth. 57]] 2hulo]

Aol A Bato] Z2Aol Bl E4HE4(ANOVA)S 2-goto] & 2o

LAY

71 % 57467§9] p-value & A2 pvalues 7HA= ABAPSS A8,
-SNEZ Ag3} £ Zlo|th. 2e] 1 A g0t iy BAMEA (MANOVA)
& o]g3l, t-SNEQ] A5 B718 Ao|tt

-+

41 wloly 44

t-SNEE -8 g|o|E= WA AroiA] A (protein phosphorylation analy-
sis) ] S 1415} ol ejo]ch. g oS 57| FRE TEE M, 217} A(Differ-
entiated), B(Immunoreactive), C(Proliferative), D(Mesenchymal), E(Stromal)
o 571 ehdl = #7]5ket. 2 HlolH = ¢ H o] S ofu|ettt. shuto] HlofE =
A, B, C, D, E 5 542 oF T/} 574632] $12]of| tiote] e Qlitel =g
2|2 Uehthe 57462}919] WE) 2 o] o] k. A B2 €] A4 67|
o}t 5712 79| o] #EA ] MNE= (na,nB,ne,np,ne) = (21,10,7,21,8)
ol

14 "':l"\-_i _'q.l.'\-'_ ] : ;-



4.2 t-SNE A1}

LSNEE o]g5te] A1l §04 HlolEl S 224902 el F459k R v

Z 4.1.19| 4] Rtsne 1j7]Z] 0.15 HZ 9] Risne g5 AFE5I T Risne T<-9]

Qegro 2t 7t A2 SRl M2 A2 P, perplexity S o §oHH T, LA

+ HEE 3= ol8st3ith. A7 JF o] 3¢, dlo|HE EF2H(Standardization)
A%

o} EEISbolA] e 79 5 AAFSHA L Perplexity+ 5, 10, 15, 20 ZF<&

gt 712]7F MADD(Mean Absolute Difference of Distance)2} ADDM (Absolute
Difference of Distances from the Mean) Xt} 3= Aol 5= oF
Aot 294 he Aol Aolk nlulslgA BEE T A0} 2l

23 o 2 H9Iek. Perplexityd] 79 WA OR 1591 A0 7V 2sb 2

t}29o] 182 5%, 10%, 30%, 50%, 100% p-value I5H=Z t-SNES -85
Avtoltt. ] Ao HETE W4S ST A9} perplexity’s 155 o] &
3 A9utg Uehit. dlolg 9] 5709 ehlse A, B, C, D, Ex 75kt
A% g g2elE A2, 92% 9t Wale A3, 9F ofd MADD, 9 2%
ofghi= ADDME 1Al F7ko] 72| o] 8%t t-SNE Hifo]ct.

] [, ]
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Clusters silhouette plot
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Clusters silhouette plot
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Abstract

In this study, t-SNE(t-Distributed Stochastic Neighbor Embedding), one of
the dimension reduction methods, is applied to high-dimensional data. When
applying t-SNE, it is considered to use Interpoint type distance rather than
Euclidean distance or Manhattan distance. First, t-SNE, concentration of dis-
tance, and Interpoint type distance are examined. After that, t-SNE is applied
to high-dimensional gene data using Euclidean distance, Manhattan distance
and Interpoint type distance. And compared with the results of pre-screening

of gene data, the results are discussed.

Keywords: high-dimensional data, dimension reduction, t-SNE, Concentration
of Distance, Interpoint type distance, MADD, ADDM
Student Number: 2020-29533
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