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Outlier detection in time series data
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Abstract

This study suggests an outlier detection algorithm that uses quantile autoregressive model in time series
data, eventually applying it to actual stock manipulation cases by comparing its performance to existing
methods. Studies on outlier detection have traditionally been conducted mostly in general data and those in
time series data are insufficient. They have also been limited to a parametric model, which is not convenient
as it is complicated with an analysis that takes a long time. Thus, we suggest a new algorithm of outlier
detection in time series data and through various simulations, compare it to existing algorithms. Especially,
the outlier detection algorithm in time series data can be useful in finding stock manipulation. If stock price
which had a certain pattern goes out of flow and generates an outlier, it can be due to intentional intervention
and manipulation. We examined how fast the model can detect stock manipulations by applying it to actual
stock manipulation cases.
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1. /\'It

5ol (outlier) &, o3t x5 7= W (variable) 9] Fhe SolA vAGA oz Beo] ExE U
ot gleltt. Zhﬁﬂ Eol27t 2FE AL wf, FAHA7L Solx2 A3} AF(bias)S 7HAIAY 1 BT
=7t s 2AE /Mt

SolxE sk Wl tigt A7 thdet RopolA FdEojgitt. Hoaglin 5 (1986)2 A&
X, AFEE 58 w2t s s 2504 Solx] HaHEE Al l a1, GubEQl el
B FE| o]2lo]= Nardiz} Schemper (1999)& A& dlo|Elo|A9] Seo]x] A due]&S AN
t}. Chen3} Liu (1993b): A|AG x}f—ioﬂz\i B4A BYS o83 SolA] ¥ dugEs A6
o} o= AAIE ¥ B4e Eolx] a3 E4E WHE A O F (iteratively) 3= W ot Fried
(2004)= AIAG AFg oA HMIRFAQA Solx] A eSS AAISATH

B A7 #95 &7 (quantile regression) & &-§3t R EFA QA So|x] W dugES A3t
a1, ot FA19) 2o A3 S 53 Fried (2004)9 ¢a1E]E3) Bl dich
AAE Zp5 oA Bol X7} BT AA AR £ dlolEHE & 4 Stk F7hdlolE & A 35
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o W} #5H 7] w2l AAE A5t & 5 Jon, BFY SFA Holvks 7 HAH ™
2 Bolxzkn A7E 4 9k ol ¥4l 7} 2A(Ho| )2 Aushe o] Fa 2
B =2y #4842 v 2tk Al 280A = AAQ HlolEY FelXE WAaste HIEFA W
712 €118]% Residual-based Algorithm, Boxplot Algorithm} Fried (2004)7} A Al gk

tering Algorithm< AsRc}t. Al 3ZoA Z dueglEo] vlu 2oAde £3st, 2oJAddo= R
AZEY ]9 ‘quantreg’ @} ‘robfilter’ 7| X] S o] &3t Al 4HA =

ol A8 2} upxju A 5804 AES AAI S

2. A RI20IMS| SOIX] &

Y
12
K
a
alX

2.1. 22F 27I1E 0|88 S0|x] &AH 2|5

B A= BE5H4A|HFF7 (ordinary least squares estimation)ol B3] So]x]of] ®1Z&}A] 9Fa1,
AR AFAL BEAA BT IARAL FAL 5 Aok 2hol Utk B EAF 37
of A7)dAAE et AIAE AgA SolxE WAsH: o]l A Zojtt. Koenkerd} Xiao
(2006)2 £ #17]13] 7 2 ¥ (quantile autoregressive model)-& A 2F5+A T}

oz 470E F /e ¢8%, Residual-based Algorithm¥} Boxplot Algorithm-& AJA G A} o]
A B9% 3918 ol 83ho] HolA g WA itk ot AUH AuoINY FoH WA L1
F= AIXE Eo 5 (2014)9] S A AL AFzol 9HA 583 el

2.1.1. Residual-based Algorithm o] oA £78k= ) 7]k dug|=9] A 348 SASQ

quantreg ZZA]A (SAS Institute Inc., 2008)2] Eo]x] ¥A Ly g&5S 83 Zlojty. AE V&

pAt A713] A AR(p) E W2+ AIAE Atg ekl 7Hg gt

Step 1. A 2AFR Y4 (r = 0.5) FAE & s}
Yt — Qur (05]yi—1, ... ye—p) S ARSI} (t=1,...,T).

Step 2. ZF AJ A to| Ao ~2F o] s, 5 TR} Zo] Aoslit).

rlo
[
r\l
4z
off
o
&
(0)
<
S
o
<
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=
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e
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ol o, 61 = Qs{ri,...,rr}/®7(0.75), G2 = Qi{r1,...,rr}/®7(0.25)°]t}. oI7]A,
Qi{ri,...,rr}e T7h IAESY - AR2AFE v gt
Step 3. 5olX] A D, E ofef e} o] ot

1
D, — s St > k,
0, otherwise.

Dy =191 A8 B2 32 SolAlekn walr (AL k= 3).
2.1.2. Boxplot Algorithm A2 28 (box-and-whisker plot) &2 A28 Tukey

(1977) 7} AAG WEoz, AW gAML Folx] el de] 2o 29
of WZ v AY Aol AZSA ¢k= 7FsAol EASH] wWiEel & w=EolA
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A7+ B9 (semi interquartile range; SIQR)E 83l RH3Htt. = AR H99 Ao+

SIQRy = Q3 — Q2, SIQR, = Q2 — @Q1°11, [Q1 — 2kSIQR,, Q3 + 2kSIQR,|E Wk A8

&% So)Rekn & 4 ek ool AT FTAFE 2915 DART o A (fisted)D AL 2

2ol & AR HAE 7Nk R 3 ARaE e r 5o E ddske dagEoltt. o7)A

A2 Ve o)A FuelZAAS ol pi} 4718 AT AR(p)E HEs AAD AR ol

Step 1. Al 1AFRS)Z%(r = 0.25), zﬂ AL S (r = 0.50), 2T A 3ARYS(r = 0.75) 3)
AS vEow 2AR = Qu(0.25)y 1, v ) Qu (050l 1,...,yp), LI

Qyt<0.50\yt71,...,yt7p)e At B4 2+ Qy, (0.25), Qy, (0.50), 12|31 Qy, (0.75) 02}
®7)317) & s}

Step 2. & AHE9I7F M9 S ofeg) o] Hojsiet
SIQR;; = Qy, (0.75) — Qy, (0.50),
SIQR, = Qy, (0.50) — Qy, (0.25).
Step 3. Z+ A& to| Ao 236y 5,2 th&F} o] Ho it}

Yt — Qyt (075)
2SIQR;,
_ Yt — @y, (0.25)
2SIQR, '

Yt > Qyt (0‘50)7
v < Qy, (0.50).

Step 4. SolA] AW D& vt o] A osta

1, st >k,

D t — .
0, otherwise.

S
I
—
-0,
>,
et}
Lo
r
Ay
N

(B SolXek BT (ERE k= 15).

Fried (2004)+ A7k w2}
M &g (linear trend fitting)
A8kt

+ Z+7Zte] 9=%(time window) SHIA FFE
%Si’yﬂ A AL tlolE oA RRGA o T Eo]xE 1t

(U]O U-{o
i

Yiti = pe + i8¢ + Eryi +Te44, 1= —m,...,m.

of Wi w2t B A4 YAEF dolA e FE(level)H 71&7](slope)olH, Eipie SI7 03 £4F
0t S 7N #PAS(random noise), riie AUIFEO] eo BTt B2 F [ry| < eord ZALR
Z}(approximation error) ©]t}.

we} e FASE Yols F /A7 Atk A WA UH 2 2 459 Al F (least median of squares;
LMS)ur oz A3 AlFe SH5-E 4= veE 19 85 3= ¥ (Rousseeuw, 1984) 0. &
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FAY A2 ofgfs} 2Tt
Trams = argmin [ (4, 8) : median(yii — p — i6)°] .
= HAAZ AgE whHe WHEE S99 (repeated median; RM) o]t (Siegel, 1982). Siegel
(1982)+= RM S 5Fo] AAs =7 3ol A v]H 3 (unbiased) FFo|w E&Aojgtar Latal ot
Try = (i, Bt), ' B = med; (med#i%%‘?t“) , fie = med; (yeri — ifs).
2o g o752 FAsHE Ul 7HA ol tis] Yot e = siAch HolA AT w9k B FATES
747k 1,9k Boet 3HA, ZH A= Qo Ale] A} TR T o] ¥E 4 gt
i = Yeri — fio — Bai,  G=—m,...,m.
A ols AT 4 QEd], A HA UL median absolute deviation(MAD)
NTY TG ol g3t AFA QA Wyl

FAUAL length of the shortest half(LSH) QIH] o]+ Rousseeuw (1988)fA] #|oF=] it} =Aof w}
o AUH DAES 1) <1y < < e Ol W LSH 2L obdlg} 2ok

GLSH = C2,, Min {|r(_m) —reyl; i=1,...,n— m} .
can EB A ARAEA o, = 1/(2071(0.75)) = 0.7413S 7] B2 7AXTh A WR e} v HAE
FAFLE 47 6onv T 6snv E, Rousseeuw} Croux (1993) 7} A 2+3}53 T

- . m+1
UQN:cg,n{|m—rj|:—mgzgjgm}(h), h_< 5 >,

5’51\] = 04,nmedl- medﬁgi\m — Tj|.

o] Wl Z+zte] £ QA= ¢z, = 1/(V207H(5/8)) & 2.2219, can & 1192622 ¢4, O(P71(3/4) +
¢ = ®(@71(3/4) — ) = 1/28 WE3e cgrolth

2.2.2. Robust Filtering Algorithm A& YV, = A|AE A 8o 9= 7] =n=2m+1ZE,

= j=-m,...,mo|t}

Step 1. 3 WAl AES oA A7 oy 5L 0183 fiy, B, 602 FR AT

Step 2. 75 = Yerj — fir — jBeBF B |rj] > do6eQ jAR] BEA yy,; S SoANE BRI T, T
Yeri B Yy = it + 3B +sgn(ry)di6, 2 ARETE o] W], sgn(e)> —1, 0, 19] k& 7HA& #
F 34~ (sign function) o)™ do3 d12 0 < di < doQl AFoltt. 71 ME do dr ol st 2
7HA A& A A BT, o]t Atk

O

T do =3, di =0 (trimming)
L do =3, di =1 (downsizing large values)
M do =2, di =1 (downsizing moderate values)
w do =2, di =2 (winsorization)
%, doGy OB 2 Ry Ae dioy AFAE WEFE HojA =R YA 2 s Zlolth
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Step 3. N =N n=2m+ 1749 BEX] F F] So
Ay, e 2 A4 B8 BolX g EEHgd
ABFITH 29 Eo|x)9 F¢E wpEriA o]t}

Step 4. 3G VELM Solx=2 WA o= g M47F max{|m/3],5} Mt A= o, &

Yot B B B SolAR FRAJY #5A BFE v 5o X (non-outlier) 2 A7
t}.

Step 5. Al AR yiq, 5 2 o] 83} fi, 5157 615 FA 3

Step 6. FHE i, Br, 6.5 °1 %3 The A=92 A FZAL fipmr 7t SOIA A B3I} Z,
BHE |1 | = |Ysrme1 — fie — Be(m +1)| > do6, BHH L 3+ SO & BHEF T i S
T Y 1 = B+ Be(m+ 1) + sgn(rmi1)di6e 2 WRET

Step 7. 9= FAH & t+ 1Z2(H2 9=$2) %73 Step 322 o7t}

w

Do|u3

>

SolA7F e AAIE dlolEolA kA A dare|Eo] duht SolXE & AT ¢ A B
N3-S B3l vusitt RARHgAME R AZEH ]9 quantreg H7|AE |83t R
Algorithm3} Boxplot Algorithm?] £94 3ARYE S Aty d1gE&S A
71 A& ©]&3}o] Robust Filtering Algorithm< #8353} t}.

esidual-based
, robfilter 3

Rl

Fox (1972)¢} Chen3} Liu (1993a)oll4= AAG HolE A 2T = & vl 7HA] S/ SolAE

AATSHATE. WA Y7t A (stationary) AIAIE ARMARE S wWE o, mW (t1,...,tm)2 SolX7}
Z3E NALRYF A2 v 2tk
__ 9B —
K—Wat, t—l,...,jw7
Vi =Y+ Yy wiLi(B)L(t;),
j=1

AZIoMA wi Bl A7), Li(t;)e ANFFEA FolA7} t = t;ollA WAYsIAE ol 19]
< 7Ktk ol wl L;(B)«= SelA9 SRl weh 2 A7k DetAledl, vl 7HAY] SolA SRE 47

T —
innovational outlier(I0), additive outlier(AO), temporary change(TC), level shift(LS)Z t = ¢; A] &
G419 B3 mAL b2} 2ok

oo 0(B)
100 LiB) = (B)o(B)
AO: LJ(B) = 1,

TC: L,(B)= (1_7153),
LS: I;(B)= ﬁ'

AN W] 7t FFe| So1NE 71¥OE, Chend} Liu (1993b)¢] A5 vl so] R4S
BASNGEE. WA A4 AADY 5P AR Sole A5 AX, FHE uHre) shw thkat
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AT = e 95 ALYt A4 AALY B £ F AT

s
e

wstel Aaglet (6 =

o1A7F 3 7| BT W, B4 AAD 5] AR(1), MA(L), AR(2), MA(2)9l A=, 2 wau}
e w1 =59 F7IE ¢ = 10, t1 = 40, t1 = 9094 A}
714 Eolx] WA A|ALS t; = 10, t; = 40, t; = 90E 7FA3 o]f= & o] T = 100014 AL, =
L E FEo) SolX 7t T ufo] A-9E ot 7] fFeltt. MA(1), MA(2)Y] Ao, 95 =
23g olEAFRA] SE3t0] 83T,
Solx7t F N 4w, A AAE BEH o] AR(1), MA(1) A%, 7+ BEultt FolX|& wy = 5,
we =59 AANE t; = 90, tp = 91 EE t; = 90, to = 9594 WAYSYTE Eolx] DYoo RE I
o sk whE AlY Yol So ]i]% A, F2 Al (G = 90 o]F)ol DA EolXE & dad ¢
Aojof sirt. kA o] AR E ¢ = 90 o] F o) WA ALE SRR HAAE AHEEE 33
ot F Y SolA] SR AR e F7(I0-TC, I0-A0, IO-LS), 2 22 $72 SolAs°] e
A2 1838ttt
E BYAFE2 o7l T = 1002 AAIE AR E vge = 3igon, S9Z oz 500 9531t
T 2ol g Hof tidle] M 7FA] &are]E (Residual-based Algorithm, Boxplot Algorithm, Robust
Filtering Algorithm)& VW 3}$ 31, H|A 7|2 F WUE (sensitivity) 2} 5 o] % (specificity) & AF-3}
Attt 714 RREE EolX|7} shs o Solxgtal s FE o), Eolk FolX|7} obd uff £o]
A7} ek gtar Ate g ot}

#

_N td

number of true positives
number of true positives + number of false negatives’

Fds

=
bt

o] number of true negatives

At
ki

number of true negatives + number of false positives’

A, Eolx7}t 3 7| A9-E AuHEY, Table 3.13 o] AR(1)714F 289 3%, 71 2 ugs
8} Eolr & A= 41 glEL UEE Residual-based Algorithm<l Z21& & 4 Qo). =3k WZT 9}
Sol7} 270 Aol Qe AR Lo} RolAel SRS AA) e AolE A Bk ¢ 5 3
t}. 3+, Robust Filtering Algorithm®] o5 7}2] v = g1 =2 uzlv e}l Eo]|sE six: v}
Hole 7 Case®ME 52 SHA= ‘/}E}W“D} o - Ao Tru—0on7F AEE o, o=
Fried (2000)014 238 912 A580), 3, % 5,8 292 1) Sol 7k A8 A%l RM 545
o] LMS #AZHT} E&2o|v, 079 _,Z_;(—]\:]].\:}—] vl 7FA(6map, Grs, 5on, Gsn) SNXE don 7

Fol 7M & H5E BT
Table 3.22} Z+o] MA(1) 7|¥F 282] A= Residual-based Algorithm3} Boxplot Algorithm ©]
Hek vE 2 AdEEE S Rttt 7 ¢S Atolo 2 Aol §la, BT 294 3 7

23 G g|Eo]BE o] ALoAE AA] Robust Filtering Algorithm X t} E9)4= 319 <411g|&o] &
HA P de & 5 ok A level shlft( S) Eolx|o) gloJAE AR(1)S HlEo® 3 3o
AR AR G nAT E Hol=dy|, 3] ¢ = 109 ﬂ > WAL} Eo]= EF Robust Filtering
Algorithm B th= €2 ot} ¢ =40 Z2 t1 =904 wdf] v E W2 o]fi= Fo|x|7} 27| WA
THE LS Eolx]9] A o] o5 7] ufolt).

SR, AR(1)L WIEHoR MA(L)3He ZgolA B} $2 Uzes)

A

ol

il

Holx 91, tiA)

=
a
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Table 3.1. Specificity and sensitivity at AR(1) based model (w1 = 5)

0.993 0.984 0.952 0.937 0.961 0.951 0.936 0914 0.956 0.941

RobFilter
RES BOX Try Trvms
OMAD OLSH OQN OSN OMAD OLSH OQN OSN
songe BAE NA N/AN/ANAN/A O N/A N/A N/A N/A N/A
" Eolx 0.992 0.983 0.957 0.942 0.965 0.956 0.939 0.921 0.954 0.945
10 WZ = 0.974 0.970 0.548 0.470 0.520 0.566 0.540 0.454 0.552 0.548
Eolx 0.993 0984 0.956 0.945 0.957 0.955 0.937 0.920 0.961 0.944
A0 W7t 0.970 0.960 0.756 0.698 0.822 0.784 0.684 0.606 0.752 0.688
t =10 Eo]lx 0.990 0.980 0.957 0.940 0.967 0.956 0.941 0.914 0.963 0.947
LS 7= 0.794  0.480 0.074 0.074 0.046 0.064 0.090 0.112 0.076 0.106
Eolx 0.993 0985 0.959 0.941 0.968 0.959 0.942  0.925 0.959 0.948
TC 7= 0.968 0.968 0.416 0.358 0.388  0.404 0.438 0.390 0.484 0.474
Eolx 0.993 0.984 0.958 0.944 0.967 0.957 0.939 0.919 0.952 0.946
10 W= 0.958 0.964 0.598 0.466 0.692 0.620 0.506 0.412 0.562 0.556
Eo]lx 0.993 0984 0.954 0.942 0.961 0.954 0.939 0.914 0.959 0.942
A0 W72 = 0.950 0.948 0.712 0.614 0.762 0.710 0.596 0.484 0.652 0.622
t = 40 Eo]lx 0.989 0.980 0.957 0.941 0.966 0.958 0.938 0.915 0.963 0.944
LS W7aE  0.864 0.866 0.134 0.126 0.124 0.142 0.138 0.176 0.140 0.146
Eo]l% 0.993 0.984 0961 0.945 0.971 0.964 0.945 0.925 0.960 0.949
TC WZ= 0.956 0.964 0.542 0.402 0.602 0.540 0.432 0.388 0.472 0.496
Eo]lx 0.993 0984 0.955 0.941 0.963 0.955 0.937 0.918 0.960 0.943
10 A% 0.968 0.972 0.614 0.556 0.622 0.626 0.580 0.522 0.568 0.572
Eolx 0.993 0984 0.954 0.937 0.963 0.952 0.938 0.915 0.957 0.944
A0 W7 0.970 0.962 0.734 0650 0.732 0.724 0.630 0.604 0.688 0.660
t =90 Eo]lx 0.990 0981 0.957 0.939 0.966 0.956 0.941 0.916 0.962 0.947
LS WA 0.930 0.948 0.128 0.146 0.120 0.136 0.170 0.178 0.124 0.148
Eolx 0.992 0.983 0.962 0.947 0.969 0.960 0.944 0.923 0.959 0.949
TC YZ% 0.968 0.966 0.550 0.496 0.558 0.566 0.564 0.518 0.522 0.554
Eolx

o,

* SOl N7t EATHA ke AF, UHEE ANE 5 flol N/AZ ZASgITh

IO = innovational outlier; AO = additive outlier; LS = level shift; TC = temporary change.

2 Residual-based Algorithmo] 7} £2 A58 AUty B 4 Yot £3] LS E0]x9] A$ =7

of WA AP LA o]HE BFE HAtk AAE] FojH A 92 AR(2), MR(2) 7|RF &

T= 247 AR(1), MR(1) 71%F B 9] Ao} FAFsH7] wiZell A=kstr| = gt

2o = Solx WA dagFol 2 ARl 1 =l

Solx]7} gt /| EAsHE Aol A HAAHE ¢ = 85004 ¢ = 1007HA] HA7FAA RIgEe} Solx

o] Fo)& Fopugict.

Figure 3.18] 235 A5 EH, @ 7[99 dueld BF HAIAANE 245 WEs) So|e7l o8

2, F2 2 SolAE 7Fedt & we] Fohle ol 85tttk sHAIR I Sl = BS54 3 74t

o % melzo] 53] Foluk A BATh T, LS SolA9] A%, A2 ARl Wolq wans

5 astr] of gt

o SolA7 T ) WA we) =l
o}

‘84
A=), AR(2)T} MA(2) 7)) Z

3y 2 A9
&2 747+ AR(1), MA(1

Z
o
3
v
A

[}
N
o,
=
1o
i)
::l‘
=2
R
ot
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Table 3.2. Specificity and sensitivity at MA(1) based model (w1 = 5)

RobFilter
RES BOX Trm Trms
OMAD OLSH OQN OSN OMAD OLSH OQN OSN
soxge BAE NA N/ANA O N/A N/A L N/A N/A N/A N/A N/A
Eo]lx 0.992 0.982 0.941 0.810 0.984 0.947 0.913 0.877 0.953 0.926
10 UZ = 0.958 0.970 0.742 0.742 0.476 0.752 0.674 0.552 0.652 0.692
Eolx 0.992 0.982 0.938 0.910 0.983 0.940 0.909 0.981 0.953 0.922
A0 27% 0.948 0.966 0.802 0.798 0.618 0.818 0.722 0.650 0.724 0.728
t =10 Eo]l%x 0.991 0.982 0.940 0.917 0.982 0.944 0.911 0.873 0.954 0.924
LS 7= 0.010 0.002 0.010 0.024 0.004 0.008 0.024 0.074 0.016 0.020
Eo]lE 0.942 0.946 0.955 0.849 0.990 0.959 0.930 0.900 0.959 0.940
TC W7t 0.918 0.910 0.390 0.350 0.230 0.390 0.460 0.436 0.420 0.480
Eolx 0.978 0.973 0950 0.855 0.982 0.954 0.926 0.781 0.956 0.930
10 WZ=  0.918 0.914 0.698 0.680 0.648 0.708 0.588 0.468 0.608 0.614
Eo]lx 0.993 0982 0.932 0.794 0.979 0.935 0.906 0.870 0.951 0.919
AO WZ = 0.916 0.920 0.702 0.694 0.660 0.728 0.600 0.496 0.622 0.624
t = 40 Eolx 0.992 0982 0.939 0.807 0.982 0.942 0.911 0.875 0.954 0.923
LS 27% 0.248 0.268 0.096 0.148 0.088 0.076 0.098 0.130 0.066 0.082
Eolx 0.992 0.987 0.612 0.438 0.614 0.624 0.450 0.396 0.514 0.494
TC 7= 0.848 0.836 0.612 0.438 0.614 0.624 0.450 0.396 0.514 0.494
EolE 0978 0.974 0.948 0.852 0.980 0.948 0.920 0.894 0.956 0.933
10 W= 0.946 0.948 0.742 0.768 0.770 0.782 0.646 0.536 0.666 0.662
Eo]lx 0.993 0.983 0.933 0.807 0.966 0.941 0.909 0.873 0.950 0.922
AO W= 0.942 0.944 0.758 0.812 0.778 0.808 0.690 0.608 0.718 0.704
£ =90 Eolx 0.991 0982 0.937 0.812 0.970 0.946 0.914 0.878 0.952 0.926
LS WZ=  0.518 0.528 0.098 0.184 0.128 0.094 0.092 0.170 0.068 0.108
Eolx 0.973 0.961 0.947 0.842 0.974 0.955 0.926 0.892 0.959 0.938
TC 7= 0.892 0.872 0.670 0.682 0.700 0.716 0.562 0.496 0.572 0.624
Eolx

o,

0.978 0.973 0.934 0.821 0.965 0.942 0.914 0.882 0.949 0.924

FECIA EASA Bt AT, UARE ALT & Glol NJAZ EASGLE

IO = innovational outlier; AO = additive outlier; LS = level shift; TC = temporary change.

5w ojopa}7] wEol ),

Table 3.3%+= AR(1) 7|WF BA FoX9] 7]+ w1 = 5% we = 5, WAAFL t1 = 908} 15 =
9191 3%2) A7k et Uk A5 B FLRA T AY SolAE B FAD NS SHHC
Z A7 E ], Residual-based Algorithmo] F oW WIZI= & Ho|al 9t} o= Eo]x|7} gt 7] i)
9 wje) mel A sl GA Apolth. AR Solx WA AE 2712 wpiel s AlslR
A7}, FE Residual- based Algorithmo] £& WZEE 7px] 1 glon, Solxo] AL 0.9 o]4
O 7 =2 5o|=E 7HAI Utk LS SolX7F 23 Ae5olA AHoE 22 UNPREE "ol A
T3 Sol X7} gt 7l HAYF W] o] &} frAkely] wiEelta & 4 Qi
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Figure 3.1. Specificity and sensitivity according to occurrence of outliers at AR(1) based model.



916

Jeong In Choi, In Ok Um, Hyung Jun Cho

Table 3.3. AR(1) wi = 5/w2 =5, t1 = 90/t = 91

RobFilter
RES BOX Try Trvms
OMAD OLSH OQN OSN OMAD OLSH OQN OSN

10 71 0.89 0.78 0.32 0.30 0.31 0.35 0.35 0.39 0.30 0.38
TC Eo= 0.99 0.99 0.95 0.94 0.96 0.95 0.94 0.91 0.96 0.94
10 71 0.92 0.71 0.59 0.53 0.59 0.60 0.55 0.52 0.53 0.56
AO Eo|lx 0.99 0.98 0.96 0.94 0.96 0.95 0.94 0.92 0.96 0.95
10 71& 0.66 0.60 0.06 0.08 0.04 0.05 0.08 0.11 0.04 0.08
LS Eo|lx 0.99 0.98 0.96 0.95 0.97 0.96 0.95 0.92 0.96 0.95
10 71 0.90 0.78 0.38 0.34 0.38 0.40 0.40 0.43 0.35 0.42
10 Eolx 0.99 0.99 0.95 0.94 0.96 0.95 0.94 0.91 0.96 0.94
AO 71& 0.24 0.23 0.61 0.55 0.61 0.61 0.56 0.55 0.56 0.58
AO Eo|lx 0.99 0.98 0.96 0.94 0.97 0.96 0.94 0.92 0.96 0.95
LS 71& 0.85 0.85 0.01 0.03 0.00 0.01 0.01 0.01 0.00 0.01
LS Eolx 0.99 0.99 0.97 0.95 0.97 0.96 0.95 0.93 0.95 0.96
TC 71& 0.93 0.83 0.28 0.24 0.23 0.27 0.33 0.36 0.26 0.34
TC Eo= 0.99 0.99 0.95 0.94 0.96 0.95 0.93 0.91 0.95 0.94
* 715 s #E 7)E, 5003] 9] RoAd & F N SolXE EF IAS v &

Table 3.4. AR(1) wy = 5/w2 =5, t1 = 90/t2 = 95

RobFilter
RES BOX Try Trvms
OMAD OLSH OQN OSN OMAD OLSH OQN OSN

10 71& 0.91 0.92 0.30 0.33 0.27 0.30 0.32 0.33 0.26 0.32
TC E9ox 0.99 0.98 0.95 0.94 0.96 0.96 0.94 0.92 0.96 0.94
10 7= 0.92 0.92 0.41 0.41 0.37 0.44 0.42 0.46 0.37 0.44
AO Eox 0.99 0.98 0.95 0.94 0.96 0.95 0.94 0.92 0.96 0.94
10 7l 0.87 0.88 0.11 0.08 0.09 0.10 0.09 0.11 0.07 0.09
LS Eo|lx 0.99 0.98 0.96 0.95 0.97 0.93 0.94 0.93 0.96 0.95
10 71+ 0.91 0.94 0.34 0.37 0.32 0.36 0.35 0.37 0.30 0.37
10 Eolx 0.99 0.98 0.95 0.94 0.96 0.95 0.94 0.92 0.96 0.94
AO 71& 0.91 0.93 0.62 0.57 0.61 0.63 0.55 0.54 0.54 0.55
AO Eox 0.99 0.98 0.96 0.94 0.96 0.96 0.94 0.92 0.96 0.95
LS 71+ 0.87 0.84 0.02 0.04 0.02 0.03 0.02 0.03 0.01 0.02
LS Eolx 0.99 0.98 0.96 0.95 0.97 0.96 0.95 0.93 0.97 0.95
TC 7l1& 0.92 0.92 0.24 0.23 0.21 0.23 0.28 0.31 0.20 0.29
TC E9% 0.99 0.98 0.95 0.94 0.97 0.96 0.94 0.92 0.96 0.94
* 7)1 s B 71E, 5003 9] RAHYE & F N HolxE BT wAg v&

4. B Akl

4.1. Al A9

7|0 AL AtEle FEAHNES] 71 23 Atdloltt. AE5S AHRY e AR ©Ed

A
2011 12¢ 5¥HH 2012d 39 164714, 28]a2 20139 6€¥9 27LHE 2013 99 104714 & 24}

of Ax F7} 27| Yolukr). oo F2 BAASL 1320 A Ae] Bdol53} 2770 A AT AA|
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Table 4.1. Outlier detection points at the 1Y manipulation period
3N ATA LAE 5ojx A
2011/11/30 10/7
2011/12/01 10/7
2011/12/02 10/7 11/25
2011/12/05 10/7 11/25 12/5
2011/12/06 10/7 11/25 12/5 12/6
2011/12/07 12/5 12/6 12/7
2011/12/08 12/5 12/6 12/7 12/8
2011/12/09 12/5 12/6 12/7

2011/12/12  12/5 12/6 12/7  12/8 12/9 12/12

2011/12/13  12/5 12/6 12/7  12/8  12/12

2011/12/14  12/5 12/6 12/7  12/8 12/9 12/12  12/13  12/14
2011/12/15  12/5 12/6 12/7  12/8 12/9 12/12  12/13
2011/12/16  12/5 12/6 12/7  12/8 12/9 12/12  12/13  12/15
2011/12/19  12/5 12/6 12/7  12/8 12/9 12/12 12/14  12/14

Table 4.2. Outlier detection points at the 2% manipulation period

3 Al AAH Sol X A
2013/06/24 N/A

2013/06/25 N/A

2013/06/26 N/A

2013/06/27 N/A

2013/07/01 N/A

2013/07/04 N/A

2013/07/05 7/4

2013/07/08 7/4

2013/08/23 7/4

2013/08/26 7/4

2013/08/27 7/2 7/4 8/20
2013/08/28 7/4 8/16

3 2 27141 (2013d 119 299)8] A& vlgte® Ags) H7|= 3t 371 AAme
st A A (KRX) S gAE 718 E ARt (http://www.krx.co.kr).

328 RolAd Ao 7P 2 UAEe} Sol= 8 HQl &18]E9l Residual-based Algorithm& &
Aoz 99 ztgd ALMEESE 3T ZF AALRE 71EHA 22 AR(1)& AR

Table 4.13} Table 4.2% SUAHES F7}x}F o] Residual-based Algorithm& g3t 23}, Eo0]X
o A AR dQl P AFE VIELRE 45 Y AREL dlo|

il

7 A" RS AeE Aot ®
B(F, sl A2 AR 45 992 A= F vHA ) E ARS Sl A4Skl

1=}
Table 4.1 & 2, 20119 129 54FE = AlZS AL wel 129 54RHY ER7 AGsiA &
A= AL & 5 Uk oXHE AY V7t B B IRyl wiEH oz dA"AT 2 23F

il
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Figure 4.1. Time-series plot at the 1°* manipulation period.
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Figure 4.2. Time-series plot at the gnd manipulation period.
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