T—IHA IR
‘BEF+v 72019
(B7 L\ BSR IR AT O 8L & i) |

EREA(R)

2019 F 8 B

Lkl ey - RIEAIIE ey = 27 b T U OIRERSIGHE S OBGR LG (2017 4£5~2020 4EE) »°
FHEL7Z (2019 4E 8 A 7 H, WEKRTF) M52 (A KRFRmBCERIEA Y A7 ¢+ 72— b (MIMS) &)
2B B EEEE,

ZHH IR K BUARRR B



BE

RFEPEE (774 FVR) RETHEIND T — R 2NN RE T BHEEHIRERII T
RO P DM T 2 REEANLIERLBHFEEL T0Wd, HIZIERFICEWT HEFEOHEHT
BRI DI WEENDZHE] IZOVWTD Y A7 P EOEEMIZOWTORBIE X > T
WA D, EBEUZ 2008 I ED =< v ay IR 011 ETAICHKELZI —a v NEEEO S
AR EDNEHE e LTI B Z e TE S, EEEMISE L TV BRORYE - &Rt
TIREKDHEMMTIHIFLALEBINT IR > EEFHE2RBRLTVWEDTH S, - &
FrHL, K0RVWEDICZLTWITIK, HANCIEFEIRETH 2 HREECRFLHICH
IEMTIIDEINERICHE L RERFEDD L AEERFERERIZNCON L, ARtk
EERTHILEVBBETHVERLL>TWD, FEHEITHSNIZRDDDH B XD ICEHE
ST — XY 7 aRFET — X OB WTIE, BREZBEOBROMKIEDNEETH S
M, HEREFEDHEE T R IEE T L IRITIE RN I IE R BRI T RN EFREI D <0, FEid
BROHHZ LT CTHRREY ZMENRE TEHHTEHLZ &S REKLBRIN, HET 5
M & [E A OfETIEDN B 5.

Bz 7ay 7 b Bl UWRRFIGHE S OB & ] TIEFICR - &l - th2I12s
IAFHLVEIMEESRE LT, EFEOHARRE - OO HiEE U TEERH L WEIESH
DFEEFAFE, IBHERG L TWD, KSR P~ 7 uRFOMEH Tk, RaiE K
SERBLEFBIFEETHAIZE0DO6T. REMEOEELA T+ TH D, Bx mWizED g
MDD, £/, I 708MODNITIXY v v 7 OMERERED KB 2 B £ 2 72 &l 2514
MridimB+n L EE29, v127u~—"7y b PHRBROGENNTOHIEEHINEEN
%, THOUERE -z~ 27unl, I 700H e =S S ODORRIDHIZEWTH L
WO O AZREET 2 RENDH B, Y 70RFT —XDBLENTHE L2, B -4
A E TR I NS T — ZIIHEHNTITIEEFE AR S b & & HITARRMNIZZIRGERRHITH
D, MIEBEBT UENS K BRVWEABMATRTH 5,

AEEIME T 27 FOZEHTHY, WIZT 74 F 2 AHGO S CIXEE R ERTT —
R, XA 78—y hOFEISN, D OFHERFHSTOMEX T — 231 = 2Z0MEE
RGO TERBBMET o7, Z2ITHER L I RBE VT - T— 21V A, FER
B, BB F VA RIFRVION., RO EIGHZERT 2 IR s 2 & &
ERAN

2019 £ 9 H
mE



MRES - O35 A

BEwise ey = 7 b T U OWKRSRAIGHR /0 O Bl & 6 A

H# : 201948 H 7 H (K)

25 B RFEREFIREE OF

F—=HFra4¥— BELEA

TaY s bSIE  BREAN (WHEKRE) - KRESEE (KIRCKEE) - RN GREURE) - MK
il (R TR

RIGEMAE L (EEKRYE)

W& IR KPR BCERN A Y AT 4 T 2 — b (MIMS)

<kwvTyarvl:@RaT — 2o >

Chair: K=

13:00~13:50 [EHHEE T — Z 2B 1) 2 @RI 0 BT 5] DR FHEH
INHAA R (BREK)

13:50~14:20 [/ A X & GO EBESIRTLR T T4 VT 1 247
EAEA

< REE >

< w3 »II: Financial Economics and Econometrics>
Chair: = IRJAWE (FEKRZ)
14:30~15:10 'Estimation of risk aversion for Japanese stock market using implied moments]
PNE=EE
15:10~15:50 [HREESCHIGIZ B 1T % SBLRE )
KHE (KRECRE)
< R >
<+twv ¥z I : Econometrics>
Chair:[E[ & E A
16:00~16:40 TA two-sample alternative to using instruments in regressions with omitted vari-
ables ]
1Bz (FEAKRE)

16:40~17:10 Nonparametric estimation of density functions from repeated measurements |

CY N
17:10~17:40 TREPBEEF & RFT — X ~D I |
e L



BHEET — ¥ IC B T 2ERITEDBITII OFETHER

/!

INEFER

RRERAFE Ml 25— - REFRHIERIPIER
CREST JST

2019 8 A 7H

TF=I9PALAIVR - BEF ¥ 2019
0 BEKXF

AR (RK MI Y5 —) RITHDEATII DFEEHHER 201945 8AH7H 1/49



o 57
© Chernozhukov-Chetverikov-Kato (CCK) B
Q F=ER

Q EER/IN—RMEREANDEHA

O HEER

Q =75 @insl

@ =P ESBOBE

AR (RK Ml Y5 —) RITHDEATII DFEEHHER



e
BH=

o Y= (YA ..., YT (t€0,1]): d EDEEDIEMILEFE

o Y = (Yo)tepy RHEREE (Q, F, (F,), P) L TERS hiciE It

SVIWFUT—ILERTE:

t t
Y, = Yo+/ usds+/ osdBs,  te]0,1].
0
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de =
BH=

o Y IBEMRBKR ty=t]=h/n, h=0,1,...,n TEAIZNh TV

kS
° BT —5 (V)] CEDWT, ¥ ORHIHEITT

1
[y, Y]1:/ Y.dt, Yi:i=o0i0,
0

Zn—ooo DETICHTET D (HHEEFRADKRE)
o RLERMY, Y] DHEEE L LT, ERESEITIH

n

[Y,Y], = Z(Yth = Yo 1) (Ye, — th—1)T
h=1

NEZS5NS
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de =2
BH=

o i, BHEET —IBITONETH, n>coDEETd > 0 RDER
TTDRETIY, Y] ZHET ZHRINERICTORTVS
» IHE BINDBUR—KN 74 ADEHFDEERLE
» N—T Y RNIYAVARNS IV Fv—ROFET, Y I n 3
WEW400 BELIMENRZWD, L d =100 451E, HETRE/C
T A= —#d d(d +1)/2 ~ 5000 & n ICEERTERERRD!
ot@%iﬁ%@iﬁ%ﬁﬂﬁ%ﬁﬁ%nﬁﬁﬁuﬁﬂ?%%ﬁﬁﬁ
&, ZDIZFA Y, Y], FEREDBATIICHIST 05, Bk & [k
DEEIPIEDAEL S
o i, MIEDEAAELEANICIEiid OERED7FOY—TT{Th
na: EREEPBEITINICRISHIDEKRTDR/IN—AEERT !
o REICRRMNBIITMREZEITS (HICH<TAH D)
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RERIRFEITHR

e Wang and Zou (2010)

» [V, Y] DA DELH0, HUSFIEFI/NSTNEWNWS Z/N—EZE
BUT N R /BEEICK > THA—TREEEZEALT S

» Bickel and Levina (2008a,b) DESEE R

e Fan, Furger, and Xiu (2016)

» Y DSERIEEDT 7 7Y —ETIVICRS EIREL, Z0OEEBEDH
DEATHDRIN—XTH B EREL T, 777 5 —ER BRI, %
EZHAFEANL THIBITI 2 HEL, ThzaET S

» Fan et al. (2011) D EEERR

e Brownlees, Nualart, and Sun (2018)

> [Y, Y]y OFTINCZ/N—ZHEZFRU T, graphical Lasso [ &> T
Y, Y], DFTIEHEET S

» Yuan and Lin (2007) DE3RER (SRITTDOERIE Ravikumar et al.
(2011) IZ4kHD)

UL, FOESBRIN—AEDIREDE YT ED L S ICHRIET
=P ARV
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EHEE T 7Y —ETILORER/IC—AERE

o ZZTI&Fanetal (2016) DIREICER U TH % (Wang and Zou
(2010) DIRE IR T —REEZ 5N D)

o dBHDEE Y 2770 —@BREARL, LTOERREL 7 7
VI—FETINEEZS:

Yi=pYIL+ R, j=1,...,d:=d-1. (1)
> fl: B (RTEHS)
> R [R, YY) =0 2B T EIVILF VS (BEER)
o BERY (i,j) IED2WT, UATORMEHRFREZE X 5:

HSD RURT =0 as. vs HUD D[RR £0 as. (2)
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EHiRKE T 775 —ETILDERER/IN\— I ERTE

o BBITEDNRYT (i,)) ILEB UIHBEDIRE (2) I Bibinger and
Mykland (2016) ICEWT I TICERSNTE D, RORERETED

REINTWS: -
TG ﬁ?/'r’
\/
zZic

& . [y/;’?d]:[ﬁd]: — [Y/',?J]:[Y/d,—?d]:

O 1E T OENBOKE R
o BURFAIRUERETZE, HY 0T T £ N(0,1) &4&D,
HD T | T 5P o &2 Z DRI NTVS
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3: S&P100 B EER DRIFERIITS (2018 & 3 A): 5%KETHERBRAA
=1, ZhUHN=0
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4 =4y N7 70 5 —TEREOEEBIEDERETS (2018 £ 3 B):
5% KETERERS =1, Zh=0

& FEx
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ERRE T 779 —ETILDERER/IN— X ERTE

o BEBRDHEDEITIDIEAMEHETE DIcHICHERX/IN\—A K ZR
SE9 B, REURE (2) Z (i,j) € Ny :={(i,j): 1 <i<j<d}IC
DWTRAKICKRITI 2DELH D

» EORDDEENESHBHMD VW = LEREDRE

o BT, CHOLEREMBED family-wise error rate (FWER) Z3 > k

H—JLU 7w
» FWER = IEUWRERHZ 1 DTHR-> TEAL LI SHEX

e FWER DY hO—JL%Z&ERT % 7c8IC, Romano and Wolf (2005)

TRESNRAT Y T VEEFALEL

» 7L XLADFEMIC DLW TIdE Romano and Wolf (2005) 2558
= L CADEXSNIcEE, HEHR max( e, | TV | DRSS
LT A EDRE
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o COEMIBUTDLSBRYATDCLT ZiHY 5 FHTES ("B
RITELESIERIE" ):

sup
yeRm

P(Easn<y) - P (280 <y)[ 0 (3)

v

Sni= Vivec ([¥Y. Y1, ~ [Y. Y1)

n 13 S, DEREHDBITIIDHEE:
n—1

¢y = ”ZXhXh -5 Z XhXhT+1 + Xh+1XhT)
h 1

v

f:fib Xh = Vvec [(Yth — Yth 1)(Yth — Yth 1)T]
Co \&F EMIL7 o2 RITREIERMEERNY ML

Sl mx d? IV LTHT, TS EICRIN—RBHD (BEBRER
fLiiR): m 13 n ICi&EL >

v

v
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Jacod’s Paradise

e 65U md &HITniTEFELBVWDTHNIL, (3) Hid Jacod DRTE
PEREROREE LTRSNDS
X 1 (Jacod and Protter (2012), Theorem 5.4.2)

B 1T 1 (sl + )12 )ds < co BB D IZDISE, S, (& n — 0o D
EE V2 CREWET 3. 122U, ¢ & F &MIH o RITIEAEIE R
BRI KL, € = (€P9)1p g2 1§ > RIFQFEERIITIICEEZ B 5 >
5 LITHT, ZORPERATERS5NS:

i
gelp-1rad(y—D+d _ / (=58 + 2858 ) a,
0

P7q7P/aq/:1,~--»d-

v

T 1 DIREE ps = 0 DIZFEIEDHELM
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Paradise Lost

o UNMU, n—-oc0oDEEd— o0 ERBZERITTDIRE T TIE, Jacod D
ERIETRICEET S
» Jacod DEE DAL, Skorohod NIHICEE T 2R B HDEREH DY
IWF VT —ILEBOBO—EMEICRKILL TWS
» UL\, d =200 DEE, S, ITBEDOMMBICEL TIEH IFPRE TR
° %W\ﬁ?ﬁﬁ??‘@ CLT DRI, H%_'_%f \ L;Ciﬁ*ﬁﬁﬁ@ﬁﬁ%ﬁ(«iﬁ?‘%
EEMFHMODOMEE XD, —HE DI NE
> RITICH UL TY —=XF TG LEREIRL W
» OHEEOEEHE L TCENERBET SN bAEN
o | KARDEM |[d > 0o DEEIC () RNDLSBRUNERZIEAT 571
DRIDFEE =B
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Chernozhukov-Chetverikov-Kato (CCK) Iz

e &L, Chernozhukov, Chetverikov, and Kato (2013, 2015, 2017) ®—
HEOMET, (3) DL SBRFEOYCRZIERAT % 1o 6 DF 1 IR BN
HKInhic

» Chernozhukov-Chetverikov-Kato 5, BL T CCK B &R T &
I3

o AYUIFILD CCK B I, =,5, NIRRT ML, U<
& Gauss BT, D _n¢}/2 WIS VY ATRIFNISERTERL

o LML, SEFADIFE A EDERD TlE ERDOEEREE IEFEDL AR W

> SERHO—EEIEILET DI & THRADKRICEHERTE 3!
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CCK ¥E5®: Gaussian comparison DiF &

o UTFTm>3LRETS

TEIE 2 (Chernozhukov et al. (2015), Theorem 2)

F,Z Z¥39 0 O m RIT Gauss WHERZH E L, H2EH o > 0 B FEL
Tminj E[Z7] > @? BBDIIDERET S CDEE, g DHITEET S
T C>0DFELT,

sup |P(F <x)—P(Z<x)|<CAY3log?3m
XERM

DR DIID. fefE L,

A= max |E[Fif] - E[ZZ]]

1<i j<m

ISR (RA Ml 25 —) BRITTHS BT DFEEHER
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CCK Eim: FED D E
e ERAACRE:e>0ICHULTUTODL S ICES:
A ={ueR:|u—v|<e for some v € A}
o RDMAEIIVFENZGAR CRt 5!
i 1

F,.Z % mRTHEERZHEL, H2EH,n > 0N FELT, FED
yeR™ & Borel EEACRICNULT

.y < .y 2
P(lr_gjagxm(ﬁ yJ)GA)_P(lgaSXm(ZJ yJ)€A>+n

DRDIIDERETS. TDEERMEDIID:

sup |P(F < x)—P(Z <x)| < sup P(Oglmax (Zi —y) Se) +n.

xERM yERm <j<m

v

ISR (X MI Y5 —) BRITTHA BT O EHHER 2019 %8 A 7H 19 / 49



CCKEim: REFAFNX

o ZH Gauss LDIHE, @E 1 DEREBEDAZFRXDAHLE 1 BIERDFED
REFFREREZHAVWTRTICEALTY —XF Iz 5Nn3:

/& 2 (Nazarov DARZEZ (Chernozhukov et al. (2017), Lemma A.1))

Z % mRJC Gauss HERZHE L, HDEH o > 0DFELT
min; E[Z?] > o® NN IUDERET S. COLEE, g DHITIKEFT 2ERK
C>0NEFEELT, FEBD:e>0lcxdLT

sup P <0 < max (Zj—yj) < 5) < Cey/logm
yEeRm 1<j<m

DD IID.

ISR (RA Ml 25 —) BRITTHS BT DFEEHER
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CCK Eim: RAMEEIE DL

e F>0ICLT, B Ps:R" >R %

dp(x) = " log (Z eﬁxj) (x = (15, xm) " €R™)
j=1

TEXRT
o FRD x e R"ICXL T
< - < B!
0 < d5(x) 12&1éxmxj < B “logm (4)

DR D 32D (cf. Chernozhukov et al. (2015), Eq.(1))
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CCK IEf: IERBEHDEML
o FEICe>0,ycR" & Borel ERACR%EED
o B—cllogm (f>Te =B llogm) B, (4) &
P (mex(F ~ ) € 4) < P(OA(F - 1) € A) = ElLac(@a(F ~ )
AN ANVAS
78 3 (Chernozhukov et al. (2016), Lemma 5.1)

EREDe>0EERDBorel EEACRICHUL T, ROFHZHCY C
¥ g R - RHMIEFEET S:
(i) BEIEBEHK > 0NFEL T [|g]leo <l lg"lo < Ke 2B &K
O lg" |0 < Ke™3 DYRLD LD,
(i) FFED x e RIZHU T 1a(x) < g(x) < 1p3(x) HELDILD.

v
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CCKE: BIFEOEDITHANDIRE
o B3 E A=A L L GEAYTNIL,

E[La=(®5(F — y))] < Elg(®s(F = y))],
Elg(®5(Z = y))] < E[La=(®5(Z - y))]

<E [1A55 (max(Zj - yj))] =P (max(Zj -yj) € A58>
J J
Z1$%
o UELD, ¢ DHIEKFT BEH 1 > 0HFELT,

sup |P(F < x) — P(Z < x)|

xERM
< cie\/log m + seup |Elg(®s(F —y))] — Elg(®s(Z — )]
yEeR™
DD LD

ISR (X MI Y5 —) RITEDBATFI D FEEHHER 2019 %8 A 7H
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o LITITER:
» M EOERISTEEOHEERZTI F ITxd U THIL!
> g0¢ﬁ (& C>® %&55%51'

[ ELL god)ﬁ @Hd\ﬁ%ﬁa%{@ 61 JILALE T EngX)‘JXE/J
FHHETES:

78 4 (Chernozhukov et al. (2014), Lemma 4.3)
g:Ro-R% C3#BEIKETZ. CDEE FEDxc R ICHULT

|9 (g © Pp)
— = < 7 /

> [ Taam )] < 8" loe + 2818l

ij=1

- 03 od)

> ax(ix af )]sng"'uoo+6/a||g”uoo+6/32||g~HOO
iJj,k=1 =7

MDD
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CCK E3m: Stein D AE

° Z_t(;;in DAEICK > TIE[g(Ps(F —y))] — Elg(Ps(Z — y))]| = 3Hh

78 5 (Stein DFEL)

G Z¥1I 0 D mRJT Gauss FERLZHE TS, CDEE, BERLGRERYK
EHDOERD CHREE FR™ S RICHULT

E[Gf(G)] =D E[GGIE [S—L(G)} (i=1,...,m)

=i
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CCK ¥25f: Slepian fiff] (AN — bk - JXR)

o —RMEZKRDTICF & ZIFEWIMIZEREL THW

o M4 LD ¢p:=godsD2EDREEEUITI I NTHER

o BV :(0,1) = RZ V(t) = E[Y(VtF +1—tZ—y)] (t €(0,1))
TEHRIDE, VIIHAARETHD, Hte (0,1) IcDVWT

V() = %Z:;E K% - \/12——15) g—j(ﬁﬂ \/ml—y)]

o F H¥ Gauss BUZ 5 (E, Stein DIFEREL D

) 1 ¢ 821
V()= 3 S AEIRRI - EIZZIV E | 50 (VeF +VI= 2 )

ij=1
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CCK ¥#5m: FERADIERY

o > T, WNBANFOELREEREHEL LD, HEILEEH o > 0N
FHELT,

|Elg(®s(F — y))] — Elg(®s(Z — y))I| = [W(1) — ¥(0)|
< C2(6_2 + 6_1,3)A
< 2cz5_2(log m)A

o LELD

sup |P(F < x) = P(Z < x)| < c1e\/log m + 2c,c7(log m) A
xeRM

=55
0 e =AY3log/'mELTEE 2 DiEHRESS
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Malliavin B4

o FEEDBEHNSDONDLDIC, F N Gauss TH B & WSREIE
Stein DFEDHERIC D HNE
o EWAZNIZL, F D' Stein DA FEZBMICEATEZ IV FRICBLT
EZWnIE, EDOERITZDXEMILYT S = Malliavin 24!
» Malliavin DA ER A E Stein DZFEX DHBRRITHR (Sakamoto and
Yoshida, 1999, 2004)
» “Malliavin-Stein method” (Nourdin and Peccati, 2009)

o F=[ludB, EBIFZBAEEZXD (u: E[[) ulds] < oo 5% R™
EFENTELEE)

%2 6

G € D1o(R™) 55 1E, BREREESE S EED C! REK
f:R™" S RICWELT

E[FF(G)] = é E [(/01 ey DSdos>g—:j(G)] (= Tl )

ISR (RA Ml 25 —)

BRITTHA BT O EHHER 2019 %8 A 7H 28 / 49



Nualart-Yoshida 48

o MRDESEMRIEITHEEL 2D HV?
» Z=¢Y2¢, ¢~ N(0,1) ILF, €& mR¥EEME F-1HZ > 5 L1T5]
= MEERS |
> F & ZIFHIEFPHIZITRN!
» FOBREZODEERIIIEZICE, ¢HAFATHNTHRVESECL
DR (cf. Nourdin et al., 2016)
o TR, E[u(F — y)] & E[W(Z — y)] DHE % EREER TITX
|$f#RTZE S (Nualart and Yoshida, 2017)
» F&ZORHEREES UEREL T, REBEARZES

0 0e[0,l] £zeR™ICXLT,

z' ¢z .
A6;z) = O0v/—1z - F — (1- 02) 5 0(0;z) = E[e’\(e’z)]

EBLE, p(1;2),0(0;2) NENEN F, Z DFFERBE#EE 25
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Nualart-Yoshida 48

00 (0.2) = ELONV Tz F 1 62T e)

THO, ALFE1IEICHEG ZEBAL TEEI S L&,

m 1
g—z(Q; z) =0E [ek(e;z) z zjzj ((\/—_1)2/ ué' - DsFids + C,’j)
0

ij=1

_p2 m 1
—V —I%E |:e>‘(9;z) Z ZiZjZy (/ u;' . Dse:jkd5>] (5)
0

ij,k=1

(Fj, Q:jk S ]D)LQ tﬂii)
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Nualart-Yoshida 48

P DB SRS IE, Fourier D REEAT E A BEDIZDELATEELD

ELV(F )] E14(Z )
s [ B@e T pl1i2) — (0:2))

P
/Rm (/01 r”ag(a z)d9> dz

(¢ 1& ¢ D Fourier Z5H)

IR (X MI Y5 —) RITHDBATFI D FEEHHER 2019 %8 7H
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(5) RERA LB EBUORGEAREEAL TUTEES

E[Y(F —y)] — E[¢¥(Z — y)]

1 m 32¢ 1
= 0 0 — 62 0
/O E[’J aa(F+ 1 Z)(/O - DsFjds — )]d

1

m

+/0 1-60°, [ Z ax’axj ~(0F + V1-022) (/ i Dstde)] 0
(6)

-T, EELIED, HDEBEH s > 0 HEFEEL T,
|E[(F = y)] — E[¥(Z — y)]|

1
/ ul - DsFids — €
0

1
/ u;" - DsCjids :l
0

< e %(log m)E | max
Sa (log m) 19

|

+ c3e3(log m)2E[ max

1<ij<m
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CCK R EALEHRBEDOHE

XEDBEUTZRS
EIE 3

F,&,mid/NTA—=F—neNIZKELT, UTOFHZHILT &I 5:
() F e ]D)l 2(Rm) ¢ e [D)l Q(Rmxm)

(i) (logm)2E [max1<,d<m ‘fo - DsFjds — €j;

} — 0 (n— o0)

(III) (|og m)7/2E [maxlg,-d-gm ‘fo Us o DSQ:J'deH —0 (n — OO)

(iv) limpglimsup,_,o, P(mini<j<m € < b) =0

ZDEE, supyepm |P(F < x)— P(Z <x)| =0 (n— o0) BN IID
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2019 %8 A 7H 33 /49



CCK B BB 1IERmIE D5

EE3(CETZIAY N
S, FFHEES TEIZOTER 3 LERAELD, (3) EB3IIER

+§J\
S, IXERICIEZEFRBEED RO T, fE6 z 2 [BERA L CFHi%z
* RICT2RENHD
» FEIE K. (20192) 2 (=, [ L ERAKOZERTHALTE D)
» 5L, (6) XZ Nualart and Yoshida (2017) ICft> TEIET 3 &,
(3) £B2 DI +HBEREESNEHE LREL
o B 3ICHWT, ERRICIE F I Skorohod B THNIE+5
(anticipative TH & LY)
» BT F ORILF VT —ILIEIREDLNTWEW (S NIEFERERM?)
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FiHER: L5

o ML ¢ £ p> 0ITHUT el = (ENED)7
o V& LRSI F = ( ity Iq)lgll,...,lqﬁr & p > 0lcxLT

1Fllp.r =

o mx {75 AT U T Al = maxi<icm Yy |AY]

o IE/1T5I A DA D DER/IME%Z mindiag(A) TKRY

o LT TIE BT % (fR)Malliavin BBATEZ 2 %

0 BBITVILIEmx 2T T, & mx d? T V5 LT X, b'1E
FEULTZ, =T 0X, EBFBERE (0 FHATEDEDE) (2, D
FZANN—RME) 1T BIRFE)
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I 4 (K. (2019a), Theorem 4.1)

FTRTD t €[0,1] I£DWVT pr € D1, oo(RY), 0¢ € D, oo (RI*7) BT
X, €Dy oo (R™) THBERETZ. F12, | Toll, > 1, [IT4lI5, = O(nF) &

1<i<m1<j<d?

max max (1X4,+ sup 10Xpes+ sup DXl ) = O,

i i —
o, sop (Il + sup ||Dsut||p,ez> = o(),

T <|\zi"||p+ S T~ ||Ds,taz'|\p,42>=0(1),

1<isdo<t< 0<s,t<1 0<s,t,u<l
Kl Kl =
sup max ’zwl -3l =0(n7)
o<t<1-1 1<k,I<d n .

BIRTD pe[l,00) BB we (0,3), v € (0,3] CODWTHDIUDERETS. &5

2, LT ZRET %:

|Ii'n lim sup P(min diag(Z,€,=, ) < b) = 0.

n—oo

TDEE, BB c>0IEDVNT d+m= 0(n) B5E, (3) XNHIT 3

v
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EAN—AERENDIGHA

o EEBA4 LD, LC N, DNEZENILEE, BYUBREKET THREE

max( jyec 70| 4375125 23R E Gauss BREEARY | )LD BA(E
DRHTHEBTES

:> BEOAFIFVI2AL—Y3 Y (T—MANT Y E) THHET
x5

o BEMZT—NIANTY FEIFIEIILIT— NEDRIEIC & > THERE
U 72 U\ (cf. Dovonon et al., 2013; Hounyo, 2017)
= Gauss B MA(1) VAILR T —hZA LTy TZRAWS:

n

YLV = (= mie) (Y, = Y (Y, = Y, ).
h=1

zzic, mp " N(0,05) L F

» ANEMIC Hounyo (2017) ® WBB 7— KX kT v TORHKT — X
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EAN—AERENDIGHA

2 TRV VTRV —— N —— nx
=YL Y]y Y9, Y9+ Y Y9 [Yd, e,
—[Y7, Yj]l’ [Ye, vd), — [Yi, Yi],[Yq, Yd]l’
&L,
ﬁ@u—JY
;B'J

(\:. 2’0\ < t, max(,-lj)eﬁ |T,SI’J)| @ﬁ?ﬁ% max(,-d-)eﬁ |T,(,:;:/)| @ﬁ*ﬁ'@ﬁﬂi_@%
B ENEATES

e K. (2019a, Proposition 4.2) i
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M BRER

e ETIN (1) ZUTDERETYIaL—r3 Y (cf. Fan et al,, 2016):
» 7770459 —1B%1 Y9 [ Heston €T /L:

dy¢ = pdt + \/v;dB?,
dve = K(0 — ve)dt + /v (pdBE +v/T— 2B ™).

INTA—=F—E 1 =0.05k=3,60=0.097=03p=-06&L, 7
HRME vo RTEE DN SER
> BEBRE: dRl =+dB, (j=1,...,d)
* B,=(Bi,....BY)
* ..., ld B EMRIIR d RITHEERY MLT, T = (v, 9)1<ij<a 1&
AV X070y 10@Z627Ay 7175, &£70v 7 DHRARD
I [0.2,0.5] EO—#REEKTERL, 7Oy I NBEIFERK p, £T 5
» B ..., B21d[0.25,2.25] ED—HRELEUTHER

e d=100&ULT, p, €{0.2505,0.75} & ZEESE FWER & 9% H
N % thER
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* 1. BEK*E 5% TD FWER

py | n=260 n=39 n=78 n=130 n=195 n=390
0.25 | 0.022 0.007 0.003 0.004 0.009 0.018
0.50 | 0.023 0.008 0.004 0.005 0.009 0.019
0.75| 0.026 0.011 0.006 0.008 0.014 0.023

Romano-Wolf J&IC & % ZERE DHEKZLE 5% TD FWER(10,000 [E|DE
YT AINOKBROERNSHE). T— A KTy 7HESEIF 999 [E].

=2 BEKELY TOFEREA

py | n=260 n=39 n=78 n=130 n=195 n=390
0.25 | 0.000 0.000 0.000 0.006 0.048 0.567
0.50 | 0.000 0.001 0.037 0.458 0.956 1.000
0.75| 0.004 0.017 0.393 0.977 1.000 1.000

Romano-Wolf J&IC & % % BIRTE DA B KEE 5% TODFFM&H 77 (10,000 [
DEVTAHIORBROBERMNSEHE). T—MAKNZ v FEEIF 999 [].
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KT — 5 B

HARS: 2018 £ 3 B
» COHBERXE0,1] EHRT (A—/N\—F 1 b U T —2IFHER)
508V Y—Y
PTXTR: S&P100 5B AL 241K
7 79 %—18f2: SPDR S&P 500 ETF (SPY)
T—=9Y—=R: TI—LIIN=2
X 1-2 (X5 2 HDEITIID R/IN—RAEERE T B f2IC,
Romano-Wolf D A7 750 ViEHRTI S
» BHMEDOFEIF 999 BOT—KRNT Yy TEEICEDL

e Fan et al. (2016) THRES N7 Oy I WNABBEZHERT DD,
oy —ICL>THMEY —h LTHL

IR (X MI Y5 —) BRITTHA BT O EHHER 2019 %8 7H 41 /49



5: S&P100 HEHHER RN D RIRMEEITTH (2018 4F 3 A): FWER DY 5%KET
BEBHEA=1, ZnU=0
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6: Y=y N7 7 5 —TEIREOREEBIEDEFRERTI (2018 £ 3 B);
FWER 7' 5% k¥ THRERA =1, ZnH=0

L

D‘égg “ : -:=;;= : : :i-:-: _.;:= .
15 RYY—VTEHE RAREEIY—%2KRT.
N—T v N7 7I5—E SPY TRE
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K&

o UV TINEELBHICRTNERT DL SBERTDHRE T CEIRHE
PEUTIOENTESERMEZIRAL 2
» ZFEA(E Malliavin #47 & Nualart-Yoshida ff8IC & %
Chernozhukov-Chetverikov-Kato IB5a D Z

o EROSAAL LT, EHEM 17 70 5 —EFLOBER/ (— A

TR7E % St BH
o MEBEEREET —IBAHIC L > TBFOBEAIEEZRUT
e X

» “Mixed-normal limit theorems for multiple Skorohod integrals in
high-dimensions, with application to realized covariance”, Electronic
Journal of Statistics, 13 (2019), no.1, 1443-1522.
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SEROFRE

o & DIBHERRAANDER
» FEREAERRIDIZE (Hayashi-Yoshida #HE E I ZEFBEED TET3!)
» NTUVHORANS9Fv—/14X
» v/

o 77U —%& PCAETEBRULHEEDERER/IN\—AMHKIRTE

e FWER TId7%x < False Discovery Rate (FDR) % False Discovery
Proportion (FDP) @ > hO—)LZEZ %
o BRITHEEITIIDOREEHERANDIGF
» De-biased graphical Lasso ZfE>5 &, 1> 7y N OHRDEITIIHEZED
SRITINLESERMED S FFXEEBNICEETIHEEDERITTENE
BEERMENETL S (Koike (2019b) SR)
» REPERL — N ZERT 2BETIHEEEEAGDLE S I ST
M ? (BIZIE Sun and Zhang (2013) O scaled Lasso)
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Introduction

@ One of important observations on the asset price movements has
been that many financial asset prices move in similar way in their
trends, volatilities and jumps.

@ There is a question how to cope with many asset prices when the
number of factors of volatilities or quadratic variation of asset prices
is less than the dimension of observed prices. Kunitomo and Kurisu
(2019) is developping a statistical method for detecting the number
of factors.

@ The problem is related to the reduced rank regression problem, which
has been well-known in statistical multivariate analysis (Anderson
(1984, AS) and Anderson (2003)).

@ There is an important question when the dimension of financial asset
prices is large (high-dimension) because we have a large number of

assets traded in financial markets. This is an extension of Kunitomo
and Kurisu (2019).

Rank test for QV 2019/8/7 3 /40



Introduction

2016/1/25 PM

8306(UFJ)
8604(Nomura)
8308(Resona)
(SM)
8411(Mizuho)

0 2000 4000 6000 8000

time

Figure: Intra-day movements of 5 Stock Prices at TSE
(afternoon session of January 25, 2016).

We set the same values for the starting process since we focus on the
volatility structure (of quadratic variation) of asset prices.

Kunitomo

Rank test for QV

2019/8/7

4 / 40



Introduction

@ The new feature in our formulation is the fact that we are dealing
with the continuous stochastic process as the hidden process with
diffusions and jump processes while we have discrete observations
with measurement errors.

@ We develop a new way to determine the number of factors of
quadratic covariation or the integrated volatility of asset prices based
on the separating information maximum likelihood (SIML) method
when the dimension of observed vectors is large.

@ The SIML method is originally developed by Kunitomo, Sato and
Kurisu (2018).

e Kunitomo, N. and Kurisu, D. (2019). Detecting factors of quadratic
variation in the presence of microstructure noise. MIMS-RBP SDS-10.
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]
Estimation of QV

We adopt the the construction of the whole filtered probability space
(2, F, (Ft)tefo,1]; P) where both the hidden process X and the noise V.
Let Y(t7) = (Y;(t")) be the (p-dimensional) observed (log-)prices at
ti€[0,1] and i =1, -+, n, which satisfyies

Y(&) = X(t7) +v(t?) (i=1,---,n),

e X(t) (= (X(t")): the p x 1 hidden stochastic vector process.

o v(t") (= (vj(t"))): a sequence of (mutually) independent market
microstructure noises with [v(t")] = 0 and E[v(tM)v(t")] = X,
(a positive definite matrix).

@ We also assume that v is independent of X.

Rank test for QV 2019/8/7 6/ 40



N
Estimation of QV

We also assume that X is a p-dimensional continuous-time stochastic
process which is given by

X(t) = X(0) + / "b(s)ds + / " () dW(s)

0 0
+/ot/x||<1 A(s,x)(u—u)(ds,dx)+/Ot/XIZlA(5aX)N(d5a dx),

@ b(s): the p-dimensional adapted drift process, o (s): the p x q1
instantaneous predictable volatility process, ¢(s) = o(s)o’(s),

o W(s) = (W;(s)): the g1 x 1 standard Brownian motions.

e A(w,s,x) is a RP-valued predictable function on Q x [0,00) x R%,

@ pu(-) is a Poisson random measure on [0,00) X R? and
v(ds,dx) = ds @ A(dx) is the predictable compensator of p with a
o-finite measure A on (RP, BP).

Rank test for QV 2019/8/7  7/40



]
Estimation of QV

The jump terms are denoted as AXs = (AX;(s))

(AXi(s) = Xj(s) — Xj(s—) and Xj(s—) = lims Xj(u) at any s € [0,1].
Here || - || is the Euclidean norm on RP.

Assumption 2.1

(a) The path t — b(t,w) is locally bounded.

(b) The process o is continuous and ftt+“ l|o(s)||ds > 0 a.s. for all
t,u> 0.

(c) For some positive K, the measurable functions b(s,x), o (s, x), and
A(s,x) (0 < s <1) satisfy

lIb(s, %) I + [ler (s, x)I? "‘/ IA(s, u,x)*A(du) < K [1+[x]*] , x€ R?,
o
where Up = {||u]| < 1}.

(d) The noise terms v(t")(= (vj(t")),1<i<n1<j<p)area
sequence of i.i.d. random variables with £[v;(t")] = 0,
Ev(tMV'(tM)] =X, (p.d.), 5[\/14(1?,-”)] < oo, vI X

Rank test for QV 2019/8/7 8/ 40



]
Estimation of QV

The fundamental quantity for the continuous-time It6 semimartingale with
p > 1 is the quadratic variation (QV) matrix, which is given by

_ [ )
== | c(s)ds+ »  (AX)(AXs) = (0g)) .

0<s<1

The SIML estimator of £, (Kunitomo, Sato and Kurisu (2018)) for the
integrated volatility is defined by

where zj = (zg), j=1,--- ,p;k=1,--- ,mp, my=0(n“), 0 <a <1,
which are constructed by the transformation from Y, = (y;) (nx p) to
Z, (= (z,)) by _

Z,=K,(Y,—Yo)

Rank test for QV 2019/8/7 9/ 40



]
Estimation of QV

where K, = /nP,C; 1,

1 0 - 0 0
-1 1 0 0

cl=| 0o -1 1 o ,
0 0 -1 1 0
0 0 0 -1 1

nxn

My o ]2 2r o1y 1
Po= ) =\ (k- U )]

Intuitively, the SIML estimator 3. is an estimator of the spectral density
matrix of X at the origin, i.e. ¥, = fx(0). (Indeed, this is true if we apply
the SIML method to state space models.)

R itomo Rank test for QV 2019/8/7 10/ 40
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Representing the problem as a Random Field

We consider the inference probelm when the dimension p is large. For
j=1,---,pandats=j/p, weset X;(t) = Xj(t) (0<t<1), where
X;i(t) is the j-th component of X(t). We construct the random field Xs(t)
ons€[0,1],t €0,1] by

X () = X5-1(0) + pls — L2100 = X0 |

5 <s< % and j=1,---,p. Then we have the continuous time
process

for

X:(t) = xg(t)+/0 b;(u)du+/0 o*(u)dB,

+ /u /”x<1 A:(X, U)(H(U) — V(u))(du’ dx, S)

+// AL (x, u)p(du, dx, s).
uJlx|[>1

Rank test for QV 2019/8/7 11/ 40



We write the quadratic variation as

1
ox(s, t):/o oi(u)oy (u)du+ > AX(u)AXe(u),

0<u<1

which is a non-negative definite (random or non-random) matrix. Then, by
using Mercer Theorem,

UX(S7 t) - Z,U’I/BI(S)/BI(I-) )
i>1
where 0 < 3 < pp < --- are the eigenvalues and (;(u) are the associated
eigenfunction.

In the same way, we construct the noise process
Vi) (0<s<1,0<t<1)and Y*(t)(0<s<1 0<t<1)by

V2(0) = Viea(e) + pls = N0 (0) - Vi (o)
and .
VE(0) = Yioa(e) + pls = L 2I(0) = Va0

11
T Ktinitomo e Rank test for QV 2019/8/7 12/ 40



Then we have

Yo(t) = XI(t)+ Vi(t) (0<s<1,0<t<1).

S

Rank test for QV 2019/8/7 13 /40



Characteristic Roots in High-Dimension

Let the random field gm(s,t) (0 <s,t < 1) from gm( JE) = [Gmljj ,
O’X(é, JE) = [ZX]U and O-V(é’ %) = [ZV]U Where

G = ((Gm)i) (1.7 =1, [p), T = (£)9) (1 = 1, p) and
2, =((xv)y) (i,j=1,---,p). We denote

i
Ea

i Jj i J i J
Oml—, =) =0xl—, =)+ amov(—, =) .
’"(p p) x(p p) m V(p p)
Let
gm(l’%)_)‘o—v(l7%) gm(%,g)—)\ov 172) gm(l,g)—)\av(%,ﬁ)
(2D 20 XD am D reL D) e B2l E)
Dm()‘): . .
an(2.3) = 20u(2 1) gn(2,2) = Aou(2.2) - gm(2,2) = Aou(2, 2

Rank test for QV 2019/8/7 14 /40



Then the characteristic roots when we take H = X, = o7l as the leading
case. The underlying characteristic equation can be written as the

solutions of

[Dm(A)[ =0

We transform the present problem into the stochastic
random field. For % <t< é and J%l <s< JE (i,j

i—1 j—1
egm(t,s) = gml( ;=)
P P

rep(0)len( £ I2) (= L)

i—1 j—1
=)
pop

ep()lam( =2, L) — g
pp

i

repB0ep(s)lem( £, L) — gn(£. =) — gn(—=

P

where ¢,(t) = p[t — (i —1)/p] and cp(s) = p[s — (j — 1)/p].

2019/8/7
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Under some conditions such as the boundedness of fourth corder
moments. we have

& [(/01 /01 gm(t, s)dtds>2

Hence we can use the standard arguments on L2. For a fixed p, we write

i ..
(em(. ’;) am025(i,j)) — (A — am)o2l,| = 0.

If we take n, m — oo, then

< +00.

|phmm%o(gm(é, f;) — 3,028(i,j)) = (A — am)o2l,| = 0

implies

Ai—am 50 (i=1,,nr).
For the case when p is large, we may set p = p,,. In order to develop the
asymptotic theory, we impose a condition that the number of eigenvalues
is less than m. Also we assume that the volatility and co-volatility
functions are well-defined.

Rank test for QV 2019/8/7 16 /40



Condition Il : 22— 0 as n,m — +o0.

It may be possible to extend the following results when p,,/m — ¢ and
c>0asm— oo.

Miyahara (1982) has pointed out the fundamental difficulty on 12
arguments in the present situation (See Section 4). The rank condition
should be replaced by the following condition of continuous integral
equation :

Condition 11l : There exist eigenfunctions S (t) (0 <t <1,k > 1) such
that

1
k
/ ox(t,)Bi(t)dE =0 (at s =~ k=1, 1)
0 p
Because gm(t,s) is a symmetric non-negative definite operator on
[0,1] x [0, 1], the set of eigenvalues is at most denumerable and

eigenfunctions corresponding to the different eigenvalues are orthogonal by
the (standard) integral equation theory.
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We construct op,(t,s),o0x(t,s),o.(t,s) and bg(t) from X,,, X, X, and
bjj for gm(t,s). We take by (j, k =1,---,p) such that and construct
by (t) from bj for 0 <t < 1.
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We consider the stochastic integral equation as

1 1
k
/ gm(s, t)bk(t)dt = )\k/ oy(t,s)bk(t)dt (at s = ;, k=1,---,p),
0 0

where A\ (0 < A\; <Ay <---,1< k <o0). This equation corresponds to
the continuous version. By using op,(t,s) = ox(t,s) + amoy(t,s), we
re-write

1 1
/ [gm(t,s) — amoy(t,s)] be(t)dt = [A\x — am]/ ov(t,s)bk(t)dt .
0 0

For a fixed p, we take the probability limit as m — cc.
Since we have the rank condition (R), £[gm(t,s)] = ox(t,s) + amov(t,s),

1 1
/ plim,,[gm(t,s)—amo(t, s)]Bk(t)dt:plimm[)\k—am]/ ov(t,s)Bk(t)dt
0 0
we find that as m — oo,
N—am 503G =1--,r)

and 0 < ry = p — gx.
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We summarize our heuristic arguments.

Theorem 3.1 : Assume some regularity conditions and take
m=m,=[n"](0<a<1l),l,=[n] with0<a< <1 Also assume
that the market micro-structure noises are mutually independent Gaussian
random variables. For a fiexd p, as m — oc,

L’"(z);[ij(xf - am)F] (1)
m X i=1

where r, = p—gx and 1 < ry < 00.

Since Theorem 3.1 does not depend on p and ry, we obtain the following
result, which has some important meanings in applications.

Corollary 3.2 : In Theorem 3.1 as p — o0,

[ 3o [g ] 5 (1)

where r, = p—gx and 1 < r, < 0.
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A Mathematical Interpretation and Discussions

There is a fundamental problem of our formulation and derivations in the
previous sections. We have treated the high-dimension case when

p—> 00 and gx = q(l) (2) — 00. However, when p = 400 there can
be an infinite number of Brownlan motions as the limit, and it is not clear
that we have the proper mathematical meaning of our formulation.
Fortunately, however, there is an earlier work on the cylindrical Brownian
motion on a Banach space by Miyahara (1982) and we can use his
arguments. We are reviewing the first part of Miyahara (1982). For the
probability space (2, F, P) and an increasing family of o—field F; (t > 0),
let H be a real separable Hilbert space with norm denoted by || - ||. A
mapping Bi(h,w) : [0,00) x H x @ — R’ is called a cylindrical Brownian
motion (c.s.m.) on H if if satisfies the following conditions. (i)

Bo(h,-) =0 and Bi(h,-) is F—adapted, (ii) For any h € H, h # 0,
Bi(h.-)/||h|| is a one dimensional Brownian motion, (iii) For any t € [0, c0)
and o, B € R and h, k € H, Bi(ah + Bk) = aB:(h) + BB(k) (P — a.s.).

Rank test for QV 2019/8/7 21 /40



Let V be a Banach space which is a dense set of H, and let V' be the dual
Banach space of V. Then we have V. C H C V' and we denote the
canonical bilinar norm on V x V' by <,> .\ or simply by <,>. A

V' — valued process B is called an H-Brownian motion on V' (H-B.M.) if
it satisfies (i) B.(w) : Ry — V' is almost surely continuous and By(w) = 0,
(ii) For each y € V,y #0, <y, B: > /||y|| is a one-dimensional Brownian
motion.

Then Miyahara (1982) gives the following fundamental result for us.

Theorem M (Miyahara 1982) : Let B; be a H—B.M. on V'. Then there
exists a unique cylindrical Brownian motion B; on H which satisfies the
following equality for any y € V and t € R

<y,B: >=Bi(y) (P—as.)
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We can interpret any real-valued Brownian motions as the bilinear norm of
the cylindrical Brownian motions on H. (We have used such Brownian
motions in (2.2).) Miyahara (1982) has also shown that even when we
have p = 0o, we have the corresponding Banach-valued Brownian motions
and the solutions of stochastic differential equations.

We denote X (t) = (Xj(t)) ats=j/p(j=1,---,p) with

E[IX(1)]?] < co.

In a similar framework a Corollary of Araujo (1978) gives the following
CLT for a sequence of Banach-valued random variables in Hj.

Let W, (s) = (Wiy,(i/p) atu=i/ns=j/p.i=L-.nj=1--p
be i.i.d. random vectors with E[W,(j/p)] = 0 and

WIUWj/p)2] = 02 (> 0).

Proposition 4.1 : Let W,(s) are i.i,d. random variables at
u=i/n(i=1---,n) and

Wuls) = Wal i = 1)/p) + [s = L 21W,(i/p) = Wl(i = 1)/p)] .

Assume
~ an 1. o MY
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We construct the random field W,(s,t) (0 < wu <
discrete process U ( /pj/p) for0<u<1;i,j=
such as that for =— <r< dklgsgg(j,k: S
WU(S, t) = W(j;l7 u
p .p .
oW, ) - w2 )
P np
+cp(t)[vv(—1 5 owd=L )
P P p
e OWE, 5 = WL ) w2 ) w
P’ p P P

where ¢,(r) = p[s — (i — 1)/p] and c,(t) = p[s — (j — 1)/p].

;lk;)]’
p

)

2019/8/7

1,0 <s,t <1) from the
1,-, p. It can be done
,p). Define
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Then a Corollary of Araujo (1978) implies the following CLT for a
sequence of Banach-valued random variables in Hy, which would be useful
for our analysis.

Proposition 4.2 : Define W,(s, t) be i.i,d. random variables at
u=1i/n(i=1,---,n) as above. Assume

sup E[[Wi(s, £) 2] < o
1<i<n

for some § > 0. Then (1/4/n) > 7_; Wi n(s, t) converges weakly to a
Gaussian random variable.
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Simulation Results

Let X = (X(t))es0 (= (XD(2),---, XP)(t)) )t>0 be the vector of It6
semimartingale satisfying

dXO(t) = oV dBY) j=1,--- g1
dXO(t) = ZDdND j=1,-- o,

where B = (B, ... B(91.)) is the two dimensional (standard) Brownian
motion vector, N = (N(l), -+, N(@) js the Poisson process with intensity
A (j=1,---,q2,x) as 10. We assume that N is independent of W

(gx = q1.x + q2.x) and Z = (Z;)s>0 is the jump sizes with Z; ~ N(0,572).
(See Cont and Tankov (2004) for the generation of jump processes.) For
the volatility process o of the diffusion part, we set

; ; N o)
d(c9)? = a(j — (69))dt + rjePawe” | j=1,-  qus,

where o) and 0@ are independent.
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When q1x =2 and g1 x =1, weset ag =2, ao =3, u1 = 0.8, pup = 0.7,
k1= ry =05, E[dBI" dBY)] = pidt, py = pr = —0.5. (We also have
g1x =5 and g x = 5,)0 In our simulation, we consider the following two
models :

Model 1 : Y(t) = F1 (XM (1), XD (1)) + v(¢)
and
Model 2 = Y(t) = Fy (XD (), X (1)) + F2XC) (1) + v(t).

Here we denote the coefficients matrices (p x qix and p X g2 x,
respectively) as '} = (’ygl), e ,'ygp))’ = (7& ), . ,7& ))/and they are
sampled as Y ~ [0.25,1.75] and 4§ ~ [0.25,1.75], j = 1,.
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The observation vectors are
Y(i/n)=(YO(i/n),...,YPNi/n)), i=1,...,n
and we set A = A, = 1/n. As the market microstructure noise vectors,

we set v/, = (v (i/n),...,vP)(i/n))’, and use independent Gaussian
noises for each component, that is,

O(i/n).... P(i/m) ~ iid Na(0,clp) (i=1.....n),

with a pre-specified value c. In all simulations, we set p = 100.
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Simulation Results
Let N be the number of Monte Carlo iterations. We plotted the mean
value of the eigenvalues of the SIML estimator for the quadratic variation

in Figures . To compute the SIML estimators, we set m,/n = 0.06 and
In/n = 0.09.

1 Z”’" 1 Z
Fal o . / Fal _ —1 . /
ZX = Fn szj y ZV = E ajn Zsz7
Jj=1 J=n—Ip+1

_ s 2w (2k=1
where ay, = 4nsin [5 <2n+1)]

In the following Figures, we set 0 < A\; < ... < 3\,, are eigenvalues of
A—1n~

DD 2V

v
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In Model-1 and Molde-2 we have p=100 dimensions observation vectors
(p = 100). Model-1 has two factor of diffusion type (gx = 2, rx = 98)
while Model-2 has two diffusion type factors and one jumps factor

(gx = 3, r« = 97). Figures show that the estimated characteristic roots
reflect the true rank of hidden stochastic process. They show the
distributions of the test statistic we are developed in this paper. It seems
that our method of evaluating the rank condition of hidden volatility
factors based on the characteristic roots and the SIML estimation detects
the number of factors properly in these two numerical simulations.
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Figure 5.1 : Mean of estimated log characteristic roots (log eigen values)
of Model 1 when ¢ = 107%(left) and ¢ = 10~8(right).
We set A =1/20000, m,/n = 0.06 and /,/n = 0.09. The number of
Monte Carlo iteration is 300.
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Figure 5.2 : Mean of estimated log characteristic roots (log eigen values)
of Model 2 when ¢ = 107%(left) and ¢ = 10~8(right).

We set A =1/20000, m,/n = 0.06 and /,/n = 0.09. The number of
Monte Carlo iteration is 300.
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Figure 5.3 : Empirical distributions of test statistic T,, of Model 1 when
re = 97(left), r, = 98(center) and r, = 99(right).
We set A = 1/20000, ¢ = 1078, m,/n = 0.06, and /,/n = 0.09.
The number of Monte Carlo iteration is 300. The red line is the density of
the chi square distribution with 1 degree of freedom.
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Figure 5.4 : Empirical distributions of test statistic T,, of Model 2 when
re = 96(left), r, = 97(center) and r, = 98(right).
We set A = 1/20000, ¢ = 1078, m,/n = 0.06, and /,/n = 0.09.
The number of Monte Carlo iteration is 300. The red line is the density of
the chi square distribution with 1 degree of freedom.
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Figure 5.5 : Mean of estimated log characteristic roots (log eigen values)
of Model 1 when ¢ = 10®(left) and ¢ = 10~8(right).
We set A =1/20000, m,/n = 0.06 and /,/n = 0.09.

The number of Monte Carlo iteration is 300.
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Figure 5.6 : Mean of estimated log characteristic roots (log eigen values)
of Model 2 when ¢ = 10°(left) and ¢ = 10~8(right).
We set A =1/20000, m,/n = 0.06 and /,/n = 0.09.

The number of Monte Carlo iteration is 300.
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Figure 5.7 : Empirical distributions of test statistic T, of Model 1 when
r« = 89(left), r, = 90(center) and r, = 91(right). We set A = 1/20000,
c=10"8 m,/n=0.06, and /,/n = 0.09.

The number of Monte Carlo iteration is 300.

The red line is the density of the chi square distribution with 1 degree of
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Further Problems

@ We can develo a detecting procedure for the number of hidden factors
by using the SIML method when the true hidden stochastic process is
a class of I1t6 semimartingales, there can be market microstructure
noises and the dimension is large at the same time.

@ Our procedure is partly based on the Banach-valued random variables
and CLT(central limit theorems).

@ We have derived the asymptotic distributions of characteristic roots.

@ From our limited simulations and an empirical application, our
approach works well in practical situations.

@ The results in Kunitomo and Kurisu (2019) can be generalized when
the dimension is high. (Kunitomo, N. and Kurisu, D. (2019).
Detecting factors of quadratic variation in the presence of
microstructure noise. MIMS-RBP SDS-10.)

@ There are several related problems of Ito semi-martingales with
market microstructure noises when the dimension is large.
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What is risk neutral probablity
density?

Risk neutral valuation

e S: afinite set of state

e Tip(s) : probability of state s

e pc(s): price of contingent claim that pays ¥1 in state s
e x(s): asset whose payoff for state s

p(x) - price of asset x

pe) = ) pes)x() = ) m(s) (%(2)) x(s) = Ep[m(9) x(5)]
seS seS
m(s)
Rf: risk free rate, 1/R =) pe(s) = ) mp(s)m(s) = Ep[m(s)]
seS seS

1 m(s)mp(s) 1 1
pex) = = ZS]( T )x(s) = — Z; nQ(Ex(s) = —-Ealx(s)]

N —
7Q(s)




What is risk neutral pdf?

S(t): stock index price at time ¢,

R(t) = In S(t + 1)/S(t): one period return,

P: physical probability measure, Q: risk neutral prob. measure,
p(r): (physical) prob. density func. of R(¢), g(r): risk neutral pdf,

Bakshi et al. (2003)
e power utility with relative risk aversion y

e pricing kernel m(r) =¢e™"

o MOPO) el
¢ f m(r)p(r)dr f e V"p(r)dr
e riskneutral y =0 & g(r) = p(r)

e risk averse y >0 (q(r) = m(r)p(r) for simplicity ),
q(r) > p(r)forr <0, and vice versa

100 110 120 130 140 180 160

Italian Government Bond Futures: Fig.6 in Fornari and Mele (2001)

This is not example of g(r) = e "p(r)




Statistical devices

Estimation for risk neutral probablity density
e under the assumption of ( specific parametric model )
specific distribution p(r) and functional form m(r)

e Ait-Sahalia and Lo (1998) : Nonparametric estimation

moment (provides useful & enough information)
e 1st order moment: risk neutral valuation

e 2nd order moment: (variance, volatility) risk reference

. \/Model free implied variance : volatility index ( VIX, VXJ, VI)

e “implied” means ... impled from observed option price
Hereafter, k th order moments under £ and Q

%) = Ep[R(DF] and 1Y) = Eq[R(t)"], respectively

Implied moment : Volatility index

e VIX X Cboe Global Markets 235#%& L 7z index ¢, S&P500 Dk
DPIRHRDOEFHDOREZ I DORMEE L THEBEIN TV 3

o DETIZRIRAKY: CSFI (B : MMDS) %% 2008 4= 7 H I A7t
Hiy & LT VXJ (Volatility Index Japan) #/22%, 2010 4 11 HIcH
REEFHTEIE S H T VI O/ FEBAIR L, 2012 4 2 I KRPRAG|
FTIC B W T HEEEE VI e DG | 235506

e vol. index (ZFkAMiTE S & DRTICEDHBEZ &> 2 &2 6 Bififa %k
(fear gauge) & L CHHAISINLS
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HEAE © KBRS mmds

Implied moment : Volatility index

e MFIV (%, put & call option DAfiit% P(K) & C(K) (B89 2 HZ MERTT
it K (B L T T2 ToHD 5

F %)
Eql(R(t) - uY))*] =2 fo %dK+2 fF CI(<Iz<)dK

o HEBHIZIX K IZHERUN T, P(K) & C(K) bRIET % K DT XTDOFEI
THHITE 201 Tld e\ 7 DI REHE S

o ZOMTERBEHOIMIZ X > THEL TWw5 D) VIX

o KERAKZEDNBIL T3 VXJ 12 2 D45y % Gatheral (2006) O i
THEUNCHE L 72 b @ (Fukasawa et al., 2011)

e Carr and Madan (2001) %> Fukasawa (2012) & 2 B&sifeis sy ge 7z

S(t) DREED Q Db & TOWIFRHE % EH
o uY), ub), ZUCHEELRED option filifs % i - TRKEIC




Implied moment : #8J XY « 7L X7 L (VRP)

ZNZNOUED S £ TOIL : o2 ®—@$ﬁ o2 @_@mf

W) A2« 7V 274 (VRP) 1 VRP =02 — 05,

VRP % SRl B $ 2 PIIAE L T 598
e Bollerslev et al. (2009) : TGN I X9 5 FHIT)
long-run risk model D LR
GEANRY 2 AHERMED IR © vol. DZEBD risk)
Bollerslev et al. (2014) :
US 2&TFE 8 AE D VRP & 4 % global VRP
KE (2011) : BAIGEEICN T 2 FH)
Ubukata and Watanabe (2014) :
THH Y (credit spread, S=XIEE) , Pl L (MHIEEHR
JEEE (2016) @ FEBISrELIC Heterogenous AR € 7L & Z DIEEE 7L

10

Implied moment : W% & TD moment & DEF

Pricing kernel m(R) = e7’R OED H & EHED
e Bakshi and Madan (2006) : %Y, (k =2,3,4) & y T uY), u %

2
y
He =~V + 5ty +0(7)

2
y
e = Hp = Yy + 7 (g = () + 00)
e Bakshi et al. (2003) : P Db & TOEME Op, R kp T O % B

Oq ~ Op — y (xp — 3) (05,)"/?

e risk neutral pdf q(r) 1Z, Y XA Z[H[EEEE > 0, kp >3 D& Z, BFHED
MERE BB p(r) & D DA DT ICET

e RD (PT) IEHSMICHESTWERS, g(r) bEE=0

11




Implied moment : IR F7«s YT« AFL YR

Theorem ( Bakshi and Madan (2006): Volatility spread )

G2 — G 0>
ng PEx —y (2)? x 6p +)°x 750 X( kp — 3 )
P S—_—— — N —
2nd order  3rd 2nd 4th

vol. A 7Ly FDMERT 5 DI

o TAEDWDIE (kp >3), ADEE (0p <0)
o YRJZ[MLEEE (v >0)

ALy F¥ru Lt 3ml%

o UXJ[HLEE y =0
e R~ Ny, 02) = 0p=0, kp =3

12

Moment under P




HEAE P DH & TD moment

(KA LB 7 — %

o HRDpH : HRIESHE ORI (HNDEFEHEUZIMER)

o HRD4H : HRIEHEZFNZK T % rolling window TOREARSTHL
I 7 — &

o 5Bl (realized) moment : tick data 12 & %€ — X~ b #EE

o HBI/rfik (Realized Variance: RV) : o2, OHfiE
o ESEEEBIM ONESROWIHEIZ L r L ARE ul) = 0

%31 moment (Realized moment: RM)

n

RM® = Z r(t)k

i=1

13

IR moment DEHEMEE

o HARI[O, T IZB T, flik% S(t), 0=ty <ty <---<t, =T DM
o W(s) i std Wiener #&Fs, o(s) I3 FEEAEEAER, J() 13 jump HEfE
o RS r(t;) = p(ti) — p(ti-1), WERLs TOD jump Ap(s) = p(s) — p(s—)

BTG p(f) = InS() DT D X H ILRINT VLB LELS

InS(t) = p(t) = p(0) + fo o(s)dW(s) + ()

n—-ooDL X

T
st Rm® L [ opds+ Y @po)y?
0

0<s<T

RM® L5 3" (Ap(s)), k=3, 4

0<s<T

14




I moment DEHEMEEE

o RM®, (k = 3,4) 1 R(t) D3E > T > B HEFEFL DB R RN T 3
o 3XDGHIFNEEHR E THEFH DG TH H LN v PRIR
o 4 RDOGEH T ITHEE DI
ZRADIEVPTE TR
o 7272L, FEH moment DMLIN M EIZt —ti1 >0, (n > 00) 72
23, FEERIZIE microstructure noise D% EE L C, 5 7fElkE &
Vo 7 ISRIREIRRASRIZ I D = & A%\ (A - JEER, 2011)
e microstructure noise (2B L Tl
Ubukata and Oya (2009); Ait-Sahalia and Jacod (2014)

5 5rfEBE D RM®, (k = 3,4) TliZ, R(t) D jump 571K $ 2 DS
FKRICR > TWB EEZ LGNS

o R THOHEIETIE, RMP %> 7 AHGH Y R 7 [AIEEEE v DHEE &
RSB 7 — 512 X 2 HEE DM G 21TV, HEERIRZHRA
MICBGET %

15

Estimation for relative risk
aversion




Previous studies

e Ait-Sahalia and Lo (1998) and Ait-Sahalia and Lo (2000)

o X 7 a itk 2 M L 72 IREEfi% % EE D nonparametric estimators
&V R AR DHEE
o ) R 7 nliEE TH%E X #1172 nonparametric VaR

Bliss and Panigirtzoglou (2004)
o 47 a Uit EFIH L 72 q(r) OHEE L) R 7 [AIREEE D HEE
Bakshi and Madan (2006)
e 774 VT4« A7 Ly FEYRTALEE y OHEE
Yoon and Byun (2012)
e BMO6 2 & % S&P 500, Hif% 225 and KOSPI 200 TD y O#fEE
e y: S&P 500 > H#¥ 225 > KOSPI 200

R (2017)
e BM06 @ vol. 2 7°L v F DA & EEL moment %> TD y OHEE
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Volatility spread, skewness, kurtosis

Monthly volatility spread
0p 121E VX D 2 FEfED A, of, 113 HREB

FEHEL, BEE, RJE (Amaya et al., 2015)
o t HDH i HOMH j HEH OISR Z 1i(j), j=1,...,n

L N ri(j)® i Ll ri(j)*
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c REDHEME (HRE5H)

RS 5560 SSqp RK SKeo SKyg

S 1 mean 0.077 -0.032 -0.057 7.022 3.502 3.728
98/Mar — 04/Oct se 0.046 0.087 0.096 0.388 0.197 0.225
11 2 mean 0.254 -0.248 -0.316 11.679 3.707 4.336
04/Nov — 11/Jun se 0.066 0.084 0.102 0.723 0.372 0.597
I 3 mean 0452 -0.102 -0.14 17.474 4235 4.732

11/Jul — 18/Feb se 0.081 0.090 0.097 049 0412 0.577

RS, RK \3FEBIERE, HBIRK, SSIIEAREE, SK BEARET, BRFERI74 P70
REI2ET,

o HEBIEHIIHIH 2, 3 TZOEAVFIFREICIE
o HAEBEIZTNOHIMTH ALY, HELDIZHIM 2 DA
o REFIFEELEL D, WH1 26 3104312 ONT, ZDEARVHOEZ KN
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o BEEEART ML Z(1)
set1: Z(t) = (1, 65(),

set2: Z(H) =(1, aé(t), Gé(t - 1))

2

o Jr(y) = Tgr(y) Wrgr(y) /ML % y
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3R 2a : #%E HF

(S HAC Hansen’s
9 g 2 y BRHERRAZ [ HtatE pfE
1: 98/Mar—04/Oct 5.498 0.348 1.293 0.256
2:04/Nov—11/Jun  HF  setl 4.352 0.358 1.435 0.231
3: 11/Jul-18/Feb 2.825 0.312 1.330 0.249
1: 98/Mar—04/Oct 5.311 0.288 2.099 0.350
2:04/Nov—-11/Jun  HF  set2 4.439 0.332 1.650 0.438
3: 11/Jul-18/Feb 2.823 0.312 1.336 0.513

o {2 ¥set1, set2 &L 5 DHEEREHE D IZIZFE U
o HARI1 205 3 lc T, KT
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BAE HAC Hansen’s
AR #EE A y MHERLE [ Wik E p il
1: 98/Mar—04/Oct 7.243 3.129 2.467 0.116
2: 04/Nov—11/Jun LF60 set1 9.153 2.868 5.081 0.024
3:11/Jul-18/Feb 7.008 1.856 1.469 0.226
1: 98/Mar—04/Oct 6.079 2.407 5.747 0.056
2: 04/Nov—11/Jun LF60 set2 6.730 1.473 1.499 0.473
3:11/Jul-18/Feb 7.067 1.857 1.528 0.466
1: 98/Mar—04/Oct 7.604 2.564 2.504 0.114
2: 04/Nov—11/Jun LF90 sett 6.830 1.736 2.132 0.144
3:11/Jul-18/Feb 6.373 1.601 1.435 0.231
1: 98/Mar—04/Oct 5.792 2.335 2.762 0.251
2: 04/Nov—11/Jun LF90 set2 5.872 1.084 2.389 0.303
3:11/Jul-18/Feb 6.370 1.597 1.444 0.486

o PRMEHE L N2 & KW OHEE M D2 1T BHE TR
DV I\

o BE{FA% set2, LFI0 D J5ihMEE

=g
et

T 2b: HE LF
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K3 FIREEEE (RIFEE set 2)

HAC Hangen’s

il AR e 0% BHERLE [ G E p fE
1 4.817 0.367 3.616 0.164

Op =0 2 HF 3.972 0.344 1.841 0.398
3 2.508 0.331 0.859 0.651

1 10.042 2.182 5.707 0.058

Op =0 2 LF90 7.711 0.771 1.705 0.426
3 7.919 1.565 1.515 0.469

1 -85.169  64.583 0.711 0.701

Kp =3 2 HF -13.970 6.526 1.427 0.490
3 -10.383 3.179 0.556 0.757

1 4.111 4.589 3.869 0.145

Kp =3 2 LF90 11.392 4.111 1.679 0.432
3 9.968 4.903 2.054 0.358

o il Op = 012 DWTIZ, #EE HF TIEHlKIZ L ORGSR EIZIFFE U
T, HEELF THEIINDZ W
o Till# kp =3 1IZHS ICHEES TV 3
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Summary and future studies
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Find p; ( the value at time ¢t ) of a payoff x;.;

e Assume that the investor can freely buy or sell as much of the
payoff x;+1 (which is r.v.) as he wishes, at the price p;.
e Let e, be the original consumption level at time ¢ and & be the amount of
the asset he choose to buy.
e the consumptions attand ¢t + 1 are ¢; = e; — p;& and cr41 = €41 + X41E

e Investor’s utility function U(cy, ct+1) = ulcy) + B E[ u(ces1) |
e u(-) is increasing, reflecting a desire for more consumption, and concave,
reflecting the declining marginal value of additional consumption
e [ captures impatience, called the subjective discount factor

T u(cy) + BE[u(cir1) ], st ¢ =e —pi& and ciq = €1 + X118

The first order condition

U’ (Ce1(xt41))
u(ce)

U’ (Ces1)
u(cy)

Xt+1 } = B[ mpp1(Xe41) Xe1 ], M1 (xp31) = ,3

Pt=Et[5
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Under the assumption of

e time-additive utility func. u(S;) + pu(S+1), B: subjective discount factor

Siv —1
1 —

e power utility u(S) = , ) Is the relative risk-aversion

Pricing kernel (stochastic discount factor) is given as

u'(Sr1) - - _
mt+1 = ‘B TLS-:) = ﬁe V(logstﬂ logst) — ﬁe th+1

where R;;1 = log Si+1 —log S;. Then the risk-neutral density g(R) is

__ mR)p(R) e VX
T TmRpRdR | (R) e’ R p(R)dR
Jm®R)p p

q(R)

e risk-averse investors pay more attention to unpleasant states in
comparison to the physical counterpart.
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(k)
P

e Denote m.g.f. of R under p(R) and g(R) as Mp(A) and Mg(A).

Representaion ¢’ in terms of y

e Assume up =0

Mp(A) = f e p(r)dr

_ 1.5, 1,53 i44} 4
—f{1+/\r+2/\r +6/\r +24Ar p(r)dr + o(A%)

A2 A3 A4
=1+ 7‘1.1;3) + Zug) + ﬂyg) +0(/\4)

_ [errerp(r)dr _Mp(A-y)
f eV p(r)dr Mp(=y)

Mo = [ eq0)dr

A=0

Mp(A = yy
1 _ _
ta = f L v
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Theorem 1 in BM(2006): Variance spread

For m(R) satisfying m(R) =1 — A; R + (1/2) A, R*> + O(R®) where

Py = —Jm/oR|,_, and A = *m/IR?|,_,,

e Suppose that m(R) = foo e *Ry(dz) for some measure v on R*.

e This m(R) encompassesO HARA marginal utility class and loss-aversion
utilities.

e For example z ~ G(y,1/b), then E[z] = yb, E[z?] = y(y + 1)b?
m.g.f. of zis M(A) = (1 —-bA)7.

e Then we have m(R) = M(-R) = (1 + bR)™” which represents HARA
marginal utility.
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1. Purpose

® QOrder submission strategies in limit order markets

® no designated market makers
® matching orders submitted by public traders

® How transactions take place in limit order markets

® |s there a systematic pattern to the ask quote and bid quote?
® What is the optimal order submission strategy under a certain market
condition?
® a limit order undercutting the best quote by one tick
® alimit order undercutting the best quote by more than one tick
® alimit order at the best quote
® alimit order submitted behind the best quote

® What affects the size of holes?
® How does the tick size affect quote competition of limit orders?



2-1. Empirical studies

® Higher volatility can relate with lower liquidity.
® Egginton, Van Ness, Van Ness (2016)
® Quote stuffing relates with decreased liquidity and increased
short-term volatility.
® Hasbrouck (2018)

® Higher short-term volatility relates with recurrent cycles of undercutting
similar to the Edgeworth cycles.



2-2. June 24, 2002, Code 7269 in Tokyo
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® Horizontal axis denotes time in seconds from the opening of the day,
and vertical axis denotes price.

® Red line is the ask, blue line is the bid, black dots indicate
transactions.



2-3. June 4, 2002, Code 8273 in Tokyo
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® Traders queue at the same quote.
® There is no quote competition.
® Tick size is the binding constraint in choosing quotes of limit orders.



3-1. Theoretical studies

® There can be too many states of the limit order book.

Foucault (1999, Journal of Financial Markets)
® assumes that limit orders are automatically canceled in one period
after their submission in a discrete time setting.
® This paper assumes that limit orders expire in two periods after their
submission.
Foucault, Kadan, and Kandel (2005, Review of Financial Studies)
® Sellers and buyers arrive at the market alternately.
® Traders cannot submit limit orders at or behind the best quotes.
® This paper assume sellers and buyers arrive at the market randomly
and traders can choose any price under the tick size restriction.
Parlour (1998, Review of Financial Studies)
® assumes that the bid-ask spread is one tick
Goettler, Parlour, and Rajan (2005, Journal of Finance; 2009,
Journal of Financial Economics)
® numerical solutions
Rosu (2009, Review of Financial Studies; 2009, Mimeo)
® continuous time setting with zero tick size



3-2. Theoretical results of this paper
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An example of quote dynamics on the equilibrium path when limit
orders expire in two periods

Red lines denote ask quotes, blue lines denote bid quotes, dots
indicate transactions.

Cyclic quote dynamics
There is possibility of queuing under the large tick size.



4-1. Model

Discrete and infinite periods

In each period, one potential trader arrives at the exchange and
submits an order.

The probability of a trader arriving is @ € (0, 1], and the probability of
a seller conditional on a trader arriving is 8 € (0, 1).

« and B are exogenous.

« is the trader arrival rate.

B represents the order imbalance.

A trader is a seller with the probability of 7y = @, and a buyer with the
probability of 7, = a(1 — B).

No asymmetric information



4-2. Model

® A trader can submit an order with a volume of one share only when
he arrives at the market.

® The order is either a limit order or a market order.

® A limit order: price contingent

® chooses the limit price under the restriction of the tick size k.

® cannot cancel or modify his order once he submits it.

® alimit order automatically expires in two periods after their submission.
® A market order: not price contingent

® immediately executed at the best available price on the market

10



4-3. Model

A seller holds one share of the asset and evaluates it as vy > 0.

® A payoff for a seller is P — v, if he sells a share at a price P.

A buyer holds no share, and evaluates a share as vy (vg > vr).

® The payoff for a buyer is vy — P if he buys a share at a price P.
A trader receives zero payoff if he does not trade.
The discount rate is assumed to be zero.
Traders maximize expected payoffs.

The market is transparent: traders observe the book before
submitting orders.

11



4-4. Trading rule

® The price-time precedence rule
® Among limit buy (sell) orders, the highest (lowest)-priced orders have
priority.
® Among limit orders at the same price, priority is given to orders
submitted earlier.
® The discriminatory pricing rule
® atransaction price is the price of the matched limit order.

® The order choice depends on the state of the book and the future
order flow.
® Trade-off between price and execution probability in submitting an
order.
® a market order: executed immediately at a low price
® alimit order: execution is uncertain though the price is favorable once
the order is executed.

12



4-5. Pure-strategy Markov Perfect Equilibrium

® Markov strategy which depends only on the type of trader and on the
book.

® Pure strategy.

13



5-1. An example of equilibrium quote dynamics
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period

vre = 0,vyg =21, k = 1, the trader arrival rate @ = 1, and the order
imbalance g = 1/2.

At first, one-tick quote-cutting
At a certain level, the best quote jumps more than one tick.
A limit sell order behind the best ask is submitted.

14



5-2. Edgeworth cycle

® An equilibrium with cyclic quote dynamics exists when the tick size k
is small enough.
® Edgeworth cycle

® Edgeworth (1925)

® Maskin and Tirole (1988, Econometrica)

® Noel (2007, Journal of Industrial Economics) in Canadian retail
gasoline markets

15



5-3. Edgeworth cycle

A seller who arrives at an empty book submits a limit sell order at a
relatively high ask, and allows the next seller to undercut his ask.

® Hindering quote-cutting by the aggressive ask is costly.
The next seller undercuts the best ask by only one tick.
® expects further quote-cutting.
® one-tick quote-cutting minimizes the cost in price to get higher priority
against the limit orders in the book.
When the best ask reaches a certain level after one-tick
quote-cutting, a seller submits a very aggressive ask (quote jump)
® Jumping quote is reasonable because hindering further quote cutting
raises the execution probability.
The next seller submits a limit sell order far behind the best ask.
® gives up further quote-cutting because the price has already become
too low.
® The execution probability of a limit order behind the best ask is small.
® The high price compensates for the large loss in the execution
probability.

16



5-4. The trader arrival rate « and the critical asks

02+
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Horizontal axis is the trader arrival rate @ and vertical axis is price.
Ay is the first ask submitted to an empty book.

A, is the end of the range of one-tick quote-cutting.

A, is the most aggressive ask.

A, is the least aggressive ask.
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5-5. The order imbalance S and the critical asks

® When sellers outnumber buyers (when g is greater),
® Sellers submit more aggressive limit sell orders

® narrow the size of holes on the ask side.
® shorten the steps of one-tick quote-cutting

® Holes created by the jumping quote on the ask side are smaller.
® Cyclic quote dynamics on the ask side are more frequently observed

18



5-6. Multiple equilibria: Queuing

® When the tick size is large, traders queue at the same quote.
® The cost of quote-cutting to obtain price priority is large.
® Queuing does not occur when the tick size is small.
® The higher the arrival rate of sellers (buyers) is, the more likely
sellers (buyers) queue at the same quote.
® The benefit of quote-cutting is small when the number of traders on the

opposite side of the market is small.
® Order imbalance caused by liquidity needs increases the depth.

19



6-1.

Empirical study in the Tokyo Stock Exchange

Data: Nikkei Needs tick data

Period: from August 2014 to December 2015
Stocks in the TOPIX100

Tick size reduction after July 22, 2014

Price range from 500 yen to 1,000 yen (the tick size is 0.1 yen) and
from 5000 yen and 10,000 yen (the tick size is 1 yen)

26 stocks with more than 200 trading days satisfying the above price
range condition

Divide the trading period into 5-minute intervals

Proportion of the number of specific types of order submission to the
total number of quote changes for each interval

® Cycle: two consecutive quote cutting followed by quote rebounding
® QIB: (number of market and limit buy order - number of market and

limit sell order)/(number of market and limit buy order + number of
market and limit sell order).
Winsorize variables at the 2nd and 98th percentiles

20



6-2. Frequency of cycles

Frequency of cycles, Relative spread, and RV

Frequency of cutting, jumping, rebounding and queueing
g

5] /ff‘“%:xc>é /av;m&ﬁfi A

;/

® Black: proportion of cycles to the ® Black: proportion of quote

total number of quote changes cutting

® Blue: relative bid-ask spread ® Blue: proportion of quote

® Green: realized variance jumping
® Green: proportion of quote

rebounding

® Red: proportion of queuing
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6-3. Quote cycles in the 5-min interval from 9:05 to 9:09

® Total: 8268 stock*days
® 4913 stock*days have no cycle, 3355 stock*days have cycles

N of cycles Tick spread Relative Realized Realized
spread variance  Kurtosis

Intervals without cycles (4913 stock*days)

Mean 0 4.20 0.06 0.09 4.21
SD 0 1.98 0.03 0.08 1.87
Min 0 1.41 0.19 0.006 1.86
Max 0 17.46 0.26 0.82 15.63
Intervals with cycles (3355 stock*days)
Mean 3.87 5.81 0.08 0.18 413
SD 6.69 2.79 0.04 0.13 1.86
Min 1 1.46 0.02 0.006 1.86

Max 138 17.46 0.26 0.82 15.63




6-4. Bid-ask spread and moments of quote-midpoint returns

® Bid-ask spread and moments of quote-midpoint returns classified by
quintiles of OIB for the 5-minute intervals from 9:05 to 9:09

Tick  Relative  Realized Realized  Realized
spread spread variance  skewness kurtosis

Quintile 1 (low OIB) 4.90 0.069 0.129 -1.031 4.266
Quintile 2 4.81 0.068 0.124 -0.449 4141
Quintile 3 4.77 0.067 0.127 0.024 4.032
Quintile 4 4.90 0.069 0.129 0.498 4.175
Quintile 5 (high OIB) 4.89 0.068 0.135 1.039 4.286
Total 4.85 0.068 0.129 0.019 4.179
F-value 1.00 0.66 2.29 1091.1 4.87
p-value 0.41 0.62 0.06 0.00 0.00

® F-value and p-value are for F-test of equality of quintile means
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6-5. Order submission

® Proportion (percent) of specific sell orders to the total number of
quote changes classified by quintiles of OIB for the 5-minute
intervals from 9:05 to 9:09

Cycleon  One-tick Quote Quote  Queuing
the ask side cutting  jumping  rebounding

Quintile 1 (low OIB) 0.12 11.06 2.49 1.54 23.41
Quintile 2 0.07 9.19 2.19 1.17 19.75
Quintile 3 0.04 7.96 2.04 0.96 17.18
Quintile 4 0.04 6.89 1.97 0.85 14.70
Quintile 5 (high OIB) 0.02 5.36 1.71 0.67 11.17
Total 0.06 8.09 2.07 1.04 17.23
F-value 90.82 831.6 89.21 158.6 2645
p-value 0.00 0.00 0.00 0.00 0.00

® F-value and p-value are for F-test of equality of quintile means
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7. Summary

® |n limit order markets, cyclic quotes dynamics can be observed, and
holes emerge in the book during cycles.

® When the trader arrival rate is high, cyclic quote dynamics are more
frequently observed and the holes are larger.

® When sellers outnumber buyers, cycles on the ask side are more
frequently observed and the holes on the ask side are smaller.
However, sellers queue at the same ask if the tick size is relatively
large.
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Fukushima University A Two-Sample Alternative to IV Hirukawa, Murtazashvili & Prokhorov

1 Motivation

e Relevant variables that are omitted lead to a challenging problem.

e Examples of the missing regressor:

1. An ability measure in Mincer's (1974) wage regression.

— Card (1995) argues that the estimation result suffers from the “ability
bias” unless the regression includes a variable representing ability as
a regressor.

— A test score is typically considered as a variable representing ability.

— Test scores are unavailable in the Current Population Survey (CPS)
and the Panel Study of Income Dynamics (PSID).
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2. Work experience in gender wage gap (e.g., Zabalza and Arrufat, 1985;
Black, Trainor, and Spencer, 1999).

— No actual work experience is included in the General Household Sur-
vey (GHS) and CPS.

— Actual work experience is available in the National Longitudinal Sur-
vey (NLS) and PSID.

e In the absence of a proxy, the most common solution is to look for an
instrument, but...

1. Weak instruments?

2. Finite-sample properties of IV estimates?

7 August 2019 2
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1.1 Our Proposal

e Why not turn to a two-sample approach using a proxy?

e Our two-sample estimation procedure is to run ordinary least squares (OLS)
after replacing the missing regressor with a nonparametric estimate of its
conditional mean.

— This estimator does not rely on the combined sample constructed via
the nearest-neighbor matching (NNM).

— Hirukawa and Prokhorov (2018) have already proposed a NNM-based
two-sample estimation (to be discussed shortly).
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1.2 Contributions

1. Nonparametric imputation of the missing regressor:

e Imposing a parametric form on the conditional mean of the missing re-
gressor (e.g., Fang, Keane and Silverman, 2008; Flavin and Nakagawa,
2008) has at least two problems:

(a) Bias due to misspecification of the conditional mean.

(b) Lack of adjustments in standard errors under the assumption that
imputed predictors are free of estimation errors.

2. Nonparametrically generated regressors:
e Our approach is analogous to Pagan (1984).

e The regressor is not imputed within the same sample in our estimation
procedure.
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Plan of Talk

1. Motivation

2. Setup

3. Strategy 1: IV Estimation

4. Strategy 2: Two-Sample Estimation

5. Finite-Sample Performance

6. Application to Estimation of Return to Schooling

7. Concluding Remarks
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2 Setup

True Model.
Y = By + X161 + X302 + X363 + u,
where X7 € R%, X, € R% and X357 € R93I.

e Either 31 or B3 is the parameter of interest.

Standard Situation. A single complete sample (Y, X1, X5, X37) is available.

o If £ (u|Xq,Xo,X37) =0, then OLS for this regression is consistent.
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Our Case. X5 is missing (in the primary sample).

Two Datasets.

Y X; X, Xz
S1|1v Vv v
So v ooV
Note: X3 = (X317X3E)

Estimation Strategies.

1. IV estimation with X left omitted, where only &7 is used.

2. Two-sample estimation with (a proxy of) X» imputed from a different
data source, where both &7 and &5 are used.
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3 Strategy 1: IV Estimation

e The true regression

Y = B + X181 + X282 + X3703 +u

can be rewritten as a “short” regression

Y = o + X181 + X583 + (u+ X38,) = X85 + v,
where Xg := (1, X{, X3,)"

— X is treated as the vector of omitted variables.

— (X1, X371) and X5 may be correlated.
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e It is still possible to estimate B¢ (and thus (37) consistently if the vector
of instruments Z € R%Z is available.

e T he estimation is based on the moment restriction

E(Zgv) :=E {[ ; ] (u+ Xéﬁz)} = 0(d,+1)x1-

— Even it dy > di + d3j is satisfied, consistency of this estimation
strategy is built on somewhat restrictive assumptions such as

Z U X5 and E(X5) B, =0.

— A simple IV estimator in the just-identified case (dy = di + d3j) is

A /\_1 A
Brvs = Q zxRzy = - Y ZgiXg; ~ > Zs;Y;
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4 Strategy 2: Two-Sample Estimation

e What if instruments may be unavailable or there may be other reasons for
avoiding Strategy 1 (e.g., weak instruments)?

e Suppose that econometricians have access to the auxiliary data set

Sy = Sop = {(X2j7X3Ij’X3Ej)}

m
j=1"
e S1 and S contain common variables X3 = (X371, X35).

— X371 and X3f are included in and excluded from the regression

Y = By + X181 + X382 + X3783 + u.

7 August 2019 10



Fukushima University A Two-Sample Alternative to IV Hirukawa, Murtazashvili & Prokhorov

4.1 Additional Notations

e The vector of matching variables X3 consists of continuous (“C") and
discrete (“D") variables so that

d3 — dim (X3) = dim (X3c) + dim (X3D) — d3C’ -+ d3D'
— Assume that d3¢o > 0, i.e.,, §1 and &> have at least one continuous

variable in common.

o Let X3 := X30%xX3p, where X3¢0 := supp (X3¢) and X3p := supp (X3p).

e Define
| e1(X3) | _ | E(X1]X3)
9(X3) = | 92(X3) | [ E (X2| X3) ] and
y— _771] _ _X1—91(X3)]
| M2 X2 —g2(X3) |
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4.2 The Estimator

e Reformulate the true “long” regression

Y = By + X181 + X282 + X570 +u

as
Y = X'8 + ¢,

where

/
X = (1,X1,92 (X3)’,X§I) and € := u + 1505.

e The estimator fundamentally takes the form of an OLS-type regression of
Y on X.

— Actually g (+) is unknown and thus must be estimated nonparametri-
cally.
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e Given gs (-), some consistent nonparametric estimator of go (), the entire
estimation procedure takes the following two steps:

m

1. Regard {(ij,X3j) }j—l in S and {X3;};~ ¢ in S; as m data and

n design points, respectively, and obtain n nonparametric estimates
{92 (X3i)}izy.

2. Run OLS for the regression of Y; on X; := (1, X102 (X3;) Xéh)l.

e The estimator of 3 in the final form is
~ A—1 £ 1nAA/_11nA
Bpirs = Qo Rey = - > XiX] - > XY

— Because this estimator is the OLS with go (X3;) imputed in place of
the missing regressor Xo;, we call it the plug-in least squares (PILS)
estimator hereinafter.
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4.3 Kernel Regression Smoother for Mixed Data

e From among many nonparametric methods, we adopt the kernel regression
smoother for mixed continuous and categorical data by Racine and Li
(2004) to estimate g5 (+).

e The kernel is W (t3; x3,h, A) := K (t3¢; 3¢, h) L (t3p; x3p, A).

IC: product kernel for the continuous component of X3.
L: product kernel for the discrete component of X3.
t3: data point.

xr3: design point.

h, A\: bandwidths.

e The nonparametric regression estimator of go () is defined as
m ) X2jW (X35 X33, h, A)
™ W (X35 X35, b, A)

92 (X3;) := ,1=1,...,n.
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e Which univariate kernel to choose for the continuous component?
— A standard symmetric kernel such as the Epanechnikov kernel; or

— The beta kernel by Chen (1999), which takes the form of
/b (1 — ¢)(1-2)/b

Kp@pn () =5 {z/b+1,(1—x)/b+ 1}

for the design point « € [0, 1] and the smoothing parameter b.

1{0<¢<1}

Figure: Shapes of the Beta Kernel for b = 0.2 and
x = 0.00,0.25,0.50,0.75,1.00
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4.4 Regularity Conditions

Assumption 1. The two random samples (S1,S2) = (S1p, S2,) are drawn
independently from the joint distribution of (Y, X1, X2, X3) with finite fourth-
order moments.

Assumption 2. X3~ is continuously distributed with a convex and compact
support X3¢, and its density is bounded and bounded away from zero on X3.

Assumption 3. (i) E (u| X1, X3) =0and o, (X1, X3) := E (uz‘ X1,X3) S

(0,00). (ii) F (77177’2> = 0. (iii) g2 (-) is non-constant on X3¢ if X3 con-
tains at least one continuous variable, and g5 (-) is strictly nonlinear on X34
otherwise.
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Assumption 4. (i) Let f(-) be the marginal pdf of X3-. Then, the second-
order derivatives of f(-) and f(-) g2 (-) with respect to X3¢ are continuous
and bounded uniformly on X3~. (ii) There exist some constants v € (0, 00)

and C € [1,00) so that SUPz Xy & <|Y|2+7‘ X3 = x3> <.

Assumption 5. The univariate continuous kernel is either (a) a symmetric
and bounded pdf that satisfies the first-order Lipschitz condition or (b) the
beta kernel.

Assumption 6. Sequences of the smoothing parameters hy (= hyp (m) > 0),
bp (= bp(m) > 0) and Ag (= Ag(m) € (0,1)) and the boundary parameter

Mp (: np(m) > O) forp =1,...,d3¢c and ¢ = 1,...,d3p satisfy one of
the following conditions as m — oo: (a) for a symmetric kernel, hp, A\¢ — O
and logm/ (m Hzicl hp) — 0; and (b) for the beta kernel, by, Aq,n, — 0,

bp/n, — 0 and log m/ (m\/Hgfl bpnp> — 0.
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4.5 General Asymptotic Results of PILS

Theorem 1. If Assumptions 1-6 hold, then BPILS LN B as n, m — oo.

Theorem 2. [f Assumptions 1-6 hold, then \/ﬁ(@pILS — B — B92> 4,

—1 —1
N (O(d—i—l)Xb Vx> = N (O(d—l—l)xb QXXQQPwQXX> as n,m — OQ, where

1
By, = Qg% > [Ri o2 (X30) — 82 (X3)Y
1=1
~B(X){92(X3) - E (§2 (X3i)| X3:)}| B2,
Qxx = E(XX'), Q z XX},
Qyy = lim 2 iwm;, and
n,m—oo , /n =

Y, = X, i€t — E(X) [92 (X3z) —E {92 (X3z)| X3z}] Bo.
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In addition, the asymptotic variance Vx can be consistently estimated by

Vy 1= Q Q Q 1
where
~ 1 o~ Ay
4 = 2 Vit
1=1
. . .1
Y, = Xi€; + 62'__267, 3
nzzl
& =Y; — quﬁPILSa
b; = Z Xy | 92 (X3:) Bprrs,2s

" k=1
and BPILS,2 is the PILS estimate of (3.

Remark. PILS is a partial mean estimator of Newey (1994), and thus Q2 fp

<

can be obtained straightforwardly by his approach.
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4.6 /n-Asymptotic Normality vs Curse of Dimensionality

Assumption 6’. Sequences of the smoothing and boundary parameters satisfy
one of the followings as m — oo: (a) for a symmetric kernel, there is a band-

width h (= h(m) > 0) so that hi,...,h4,, o< k, A1,..., gy, o h%, h —
0, and logm/ <mhd30> — 0; and (b) for the beta kernel, there are a smooth-
ing parameter b(= b(m) > 0) and a boundary parameter n (= n(m) > 0)
so that by,...,04;, < b, A1,..., Agyy, X b, M1,y Ngy, X 1, by — 0,

b/n — 0, and logm/ {m (bn)d30/2} — 0.

Corollary 1. Let h « (logm/m)® and b x (log m/m)?“ for some constant
a > 0. Also suppose that one of the following divergence patterns in (n, m)
is true: (i) n/m — k € (0,00); (ii) n/m — 0; or (iii)) n/m — oo and

n/m** — 0. Then, under Assumptions 1-5 and 6',\/n (BPILS — ﬁ) 4,
N (O(d+1)><1> VX) holds for d3c < 3 as n,m — oo.
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4.7 A Comparison with the MSII Estimator
NNM.

e The matched-sample indirect inference (MSII) estimation by Hirukawa
and Prokhorov (2018) starts from obtaining a combined sample by means
of NNM on the observed variables.

e For each observation of X3 in §1, K-NNM picks out K closest matches
of Xo from &5 through finding first to Kth closest matches of X3 in 5S>
with respect to some distance function such as the Mahalanobis distance.

— The resulting combined sample can be written as

n

S = {(Yz‘, X1y X2jy (i) -+ - » X2 (i) X 3T X3Ei) }izl '
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Matched-Sample OLS (MSOLS).

e The OLS estimation (MSOLS) for the regression of Y; on

L 1
X i) ‘= (1 X127X23(z)7X3Ii> ;

where

Xoj(i) = Z X2iui)
generates a non-vanishing, classical measurement error bias.

— The bias is attributed to using ij(i) as a proxy for Xo;.

— The source of attenuation (= bias toward zero) is o = E (77277’2).
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Bias-Corrected Estimation.

e As is well known in the literature on errors-in-variables models, the bias
cannot be corrected in general without imposing additional identification
conditions.

— It can be corrected analytically with no such extra conditions because
So serves as repeated measurements.

e The MSII is a bias-corrected estimator defined as
/ & - 1 &
Prr = |~ Zle-,j(z)X FT0 Bl B 21 Xi.5(i)Yer
1=
where

2 = diag {O(d1+1)x(d1_|_1), 22, Od3]><d3]} )

and ¥, is the difference-based variance estimator that can be obtained
by reordering &> with respect to X3.
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Two-Step Bias Correction for \/n-Asymptotic Normality.

e MSII can attain 4/n-asymptotic normality when the number of matching
variables is only one.

e Hirukawa and Prokhorov (2018) propose a two-step estimator called the
fully-modified MSII (MSII-FM) estimator.

— In its second step, MSII-FM eliminates the second-order bias due to
the so-called matching discrepancy (Abadie and Imbens, 2006) as-
ymptotically by means of a polynomial approximation.

— The estimator can achieve parametric convergence when the number
of matching variables is four or less.
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Novel Features of PILS.

1. PILS does not rely on NNM.
e It requires no bias correction that is a key ingredient in MSII(-FM).

e The asymptotic variance of PILS does not much exceed that of OLS.

2. The asymptotic analysis for PILS explicitly incorporates discrete matching
variables.

3. The role of excluded continuous matching variables for identification is
clarified.

e Hirukawa and Prokhorov (2018) maintain the assumption that all com-
mon variables enter the regression and are used for both estimation and

matching.
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5 Finite-Sample Performance

Regressions.

[L]:Y = Bo + B1X1 + B2X2 + u, and
[S]:Y = B+ B1X1 + (u + B2X2) := Bg + B1X1 + v.

where

Bo=pP1=0=1.

Data Generation.

1. Z,X3p, ¥ U[-2,2]

—1/2 wp1/2

2. X35, % Bernoulli (1/2) —1/2 = { 2 wo /2
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yy
3. X1 = (1 -I—X§EC —I—X3ED) + (7Z +€), where £ < N (0,1) and 7 €
{1.00,0.70,0.15}.

2407‘(‘2 0.58 for m =1.00

corr (X1,2) = \/ ~ < 0.44 form=0.70 .
24072 + 481 0.11 for 7 = 0.15

4. Xp = {h(X3p,) + X3E, | +n2. where “Y N (0,1) and

(

x [Model A]

{exp(x) —exp(—x)} /{exp(x) + exp (—x)} [Model B]

() — (3/4)vVx+2—1 [Model C]
(@) = z3/2 —x2/2 —2x —2/3 Model D]
x| — 1 [Model E]

| x4+ (/1) P (x/T) — (5/2){®(2/7) —1/2}, 7 = 3/4 [Model F]

5. Y =1+ X; + X+ u, where u 2% N (0,1).
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Samples.

1. An unobserved complete sample:

S* = {(Y;, X1i, X204, X34, Z3) }iey -

2. Two observable samples:
m

S1 = {(Ys, X14, X34, Z;) =g and Sp = {(X2J’X3j) }jzl'

3. The matched sample via NNM with respect to X3:

n

S = { (Y X1 Xajy(a)s -+ Xajie(i) X3 Xaju(ayr -+ X3jpeti) Zi) f_y
where the number of matches K € {1,2,4,8,16,32,64,128}.

Remark. Sample sizes are n = m € {500, 1000}, and the number of repli-
cations is 1000.
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Estimators.

1.

2. OLS-S:  (Inconsistent) OLS
3. IV-S: IV estimator for [S]
4.

5. MSII: MSII estimator for
6. PILS-E: PILS estimator for
7. PILS-B: PILS estimator for
8.

OLS*: Infeasible OLS estimator for [L] using S*.

estimator for [S] using S7.
using S7.

MSOLS: (Inconsistent) MSOLS estimator for [L] using S.

L] using S.
L] using S1, Sy and the Epanechnikov kernel.

L] using S1, Sy and the beta kernel.

PARA A parametric analogue to PILS for [L] using S1 and S by Fang,

Keane and Silverman (2008).

Bandwidth Selection.

h = 6 x (logm/m)®3 for the Epanechnikov kernel.
b = 6 (logm/m)%® for the beta kernel, where U := (X + 2) /4 € [0, 1].
X = (log m/m)%® for the discrete kernel.
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A Few Words on PARA.

e PARA takes the following two steps:

1. Run OLS for the regression of X, on (17X3Ec,jaX3ED,j) using Sp
and obtain n parametric predictors

PN ~ ~ ~ n
{X2i = Qo + 1 X3E4, T 042X3ED,7L}Z-:1
using the OLS estimates (&g, &1, &2).

2. Run OLS for the regression of Y; on (1,X1i,)2'27;).

e Under our Monte Carlo design, PARA is consistent if and only if h(-) is
odd.

— Consistency holds for

h(z) = { [Model A]
{exp () — exp (—z)} / {exp (z) + exp (—z)} [Model B]
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Model A: h(z) = x (n = m = 500).

s Estimator ~ OLS*  OLS-S IV-S MSOLS MSII PILS-E  PILS-B  PARA
1.00 Mean 09984 1.0611 09956  1.0227 0.9975 1.0069 1.0050 0.9989
SD 0.0224 0.0425 0.0737 0.0373  0.0427 0.0347 0.0345 0.0318
RMSE 0.0225 0.0744 0.0738 0.0436  0.0428 0.0354 0.0349 0.0318
SE 0.0223 0.0434 0.0738 0.0391 0.0395 0.0318 0.0318 0.0317

CR 95% — 95% — 93% 93% 94% 95%
0.70 Mean 09985 1.0740 09934 1.0278 0.9975 1.0088 1.0065 0.9992
SD 0.0245 0.0470 0.1063 0.0413 0.0476 0.0389 0.0386 0.0351
RMSE 0.0246 0.0876 0.1065 0.0498 0.0477 0.0399 0.0392 0.0351
SE 0.0245 0.0479 0.1062 0.0429 0.0435 0.0350 0.0349 0.0348

CR 95% — 95% — 92% 92% 92% 95%
0.15 Mean 09992 1.0920 0.8116 1.0353 09979 1.0118 1.0091 1.0000
SD 0.0270 0.0529 2.7255  0.0468  0.0542 0.0445 0.0443 0.0394
RMSE 0.0271 0.1061 2.7320 0.0586  0.0543 0.0461 0.0452 0.0394
SE 0.0272 0.0536 55917 0.0476 0.0483 0.0388 0.0388  0.0386

CR 95% — 99% — 92% 90% 91% 94%

Notes: Mean = simulation average of the parameter estimate; S = simulation standard
deviation of the parameter estimate; RMSE = root mean-squared error of the parameter
estimate; SE = simulation average of the standard error; and C'R = coverage rate for the

nominal 95% confidence interval.
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Model E: h(z) = |z| — 1 (n = m = 500).

s Estimator ~ OLS*  OLS-S IV-S MSOLS MSII PILS-E  PILS-B  PARA
1.00 Mean 09981 1.2282 0.9939 1.1647 0.9666 1.0116 1.0061 1.1770
SD 0.0237 0.0332 0.0620 0.0362  0.1397 0.0398 0.0397 0.0334
RMSE 0.0238 0.2306 0.0623 0.1686  0.1436 0.0414 0.0402 0.1801
SE 0.0239 0.0337 0.0628 0.0477 0.1173 0.0395 0.0396  0.0337

CR 96% — 95% — 97% 94% 94% —
0.70 Mean 09981 1.2753 0.9905 1.2055 0.9308 1.0164 1.0091 1.2166
SD 0.0264 0.0365 0.0896 0.0405 0.4623 0.0467 0.0467 0.0370
RMSE 0.0264 0.2777 0.0901 0.2094 0.4675 0.0495 0.0476 0.2198
SE 0.0266 0.0368 0.0906 0.0579 0.3786 0.0459  0.0461 0.0371

CR 96% — 96% — 96% 93% 94% —
0.15 Mean 09987 1.3397 09013 1.2658 0.9728 1.0262 1.0153 1.2726
SD 0.0298 0.0408 1.3240 0.0463 1.1735 0.0582 0.0586 0.0416
RMSE 0.0299 0.3421 1.3276 0.2698 1.1738 0.0638 0.0606  0.2758
SE 0.0302 0.0405 1.9154 0.0751 1.9124 0.0558 0.0562 0.0413

CR 96% — 98% — 95% 91% 94% —

Notes: Mean = simulation average of the parameter estimate; S = simulation standard
deviation of the parameter estimate; RMSE = root mean-squared error of the parameter
estimate; SE = simulation average of the standard error; and C'R = coverage rate for the

nominal 95% confidence interval.
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6 Application to Estimation of Return to School-

ing
e \We estimate the earnings equation

log (earnings) = By + Bieducation + Boability

+ Bzexperience + Baexperience?

+ Bsmarried 4+ Bgblack + B7south 4+ Bgurban + u
using the following two samples:
1. &1 from the 1972 wave of PSID (n = 2430).

— An ability measure (/Q score) is included (but this may not be a
good ability proxy).

2. S5 from the CARD dataset provided by Wooldridge (2013) (m = 1102).

— Another ability measure (“Knowledge of the World of Work™ or
KWW score) is included.
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IV Estimation.

e Father's education is used as the IV for individual's education in the short
regression with abzlity omitted.

e The sample correlation between these variables is 0.434.

Two-Sample Estimation.

e List of common variables:

included: education (C), married (D), black (D), south (D), urban (D)
excluded: age (C), south while growing up (D)

e A single match (K = 1) and the Mahalanobis metric are adopted for
NNM.
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A Two-Sample Alternative to IV

Hirukawa, Murtazashvili & Prokhorov

Estimation Results.

(1) (2) (3) (4) (5) (6) (7)
OLS* OLS-S IV-S MSOLS  MSII-FM PILS PARA
Education 0.0635 0.0718 0.0953 0.0727 0.0685 0.0598 —0.2850
(0.0056) (0.0053) (0.0049) (0.0059)  (0.0080)  (0.0070)  (0.0891)
Experience 0.0809 0.0818 0.0830 0.0826 0.0766 0.0825 0.1170
(0.0043)  (0.0043) (0.0044) (0.0049)  (0.0065)  (0.0043) (0.0094)
Ezxperience? —0.0017 -0.0017 —0.0017 —0.0017 —0.0016 —0.0017 —0.0017
(0.0001) (0.0001) (0.0001) (0.0001) (0.0001)  (0.0001) (0.0001)
Ability 0.0313 — — —0.0012 0.0029 0.0075 0.2444
(0.0078)  (—) (—)  (0.0027) (0.0081)  (0.0029) (0.0609)
Married 0.3717 0.3793 0.3844 0.3799 0.3777 0.3954 0.2226
(0.0539) (0.0536) (0.0535) (0.0535)  (0.0535)  (0.0541)  (0.0605)
Black —0.1302 —-0.1741 —-0.1249 —0.1849 —0.1504 —0.1749 —0.1819
(0.0323) (0.0316) (0.0304) (0.0393) (0.0806)  (0.0316) (0.0309)
South —0.0921 —-0.0983 —0.0814 —0.0979 —0.0989 —0.1036 —0.1372
(0.0288) (0.0287) (0.0293) (0.0286)  (0.0289)  (0.0287)  (0.0299)
Urban 0.1363 0.1499 0.1278 0.1538 0.1404 0.1541 0.0138
(0.0282) (0.0284) (0.0288) (0.0297)  (0.0390)  (0.0281)  (0.0421)
Data Combination? No No No Yes Yes Yes Yes
Sample Size: n 2430 2430 2430 2430 2430 2430 2430
m — — — 1102 1102 1102 1102
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7 Concluding Remarks

e The PILS estimation procedure is developed for models where endogenous
regressors enter the model due to an omitted variable.

— Convergence properties of PILS are explored.

e Monte Carlo study confirms attractive finite-sample properties of PILS.

— It is numerically demonstrated that PILS is generally more efficient than
IV and dominates other competing estimators (e.g., MSII) in terms of
mean squared error.

e The curse of dimensionality in continuous matching variables is still a con-
cern.

— We may adopt propensity score matching as a means of dimension
reduction using multiple matching variables.
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Introduction

e Kurisu, D and Otsu, T. (2019). On the uniform convergence of
deconvolution estimators from repeated measurements. submitted.
STICERD Econometrics Paper Series EM604.

e Adusumilli, K., Kurisu, D., Otsu, T. and Whang, Y.-J. (2019).
Inference on distribution functions under measurement error.
R&R for J. Econometrics.

STICERD Econometrics Paper Series EM594.
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-
Estimation of density functions

We consider the following repeated measurements model.

o Consider a bivariate i.i.d. sample {Y] 1, YJ-72}J’-’:1 of (Y1, Y2), which is
generated by

Yi=X+4+e¢€1, Yo=X+ e,

where (X, €1, €2) are unobservables.

e X: an error-free variable of interest, (€1, €2) are measurement error for
X.

@ We are interested in estimating the densities of X, €1, and e>.

@ Applications:
(1) Household income and expenditure survey data (AKOW(2019))
— reinterview studies (to assess the credibility of the survey data).
(2) Medical data
— measurements of patient’s status by different methods (to assess
the compatibility of measurements).
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Estimation of density functions

Assumption M
o (€1,€2) are independent copies of a random variable .
e X is independent of (€1, €2).
@ X and € have square integrable Lebesgue densities fx and f;,
respectively.
o The characteristic functions px(-) = E[elX] and ¢.(-) = E[e"]
vanish nowhere, and E[e] = 0.
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Estimation of density functions

Define

W(ur, up) = E[eY1H2Y2)] = o (1 + 1) pe(ur) e (1)

Under the condition E[|Y1|] < oo, Kotlarski's indentity gives us a explicit
identification formula of ¢x, that is

exta) = oo [T 00 g, ).

The Li and Vuong's (LV) estimator (Li and Vuong('98, JMA)) of px is
defined by taking its sample counterpart.
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-
Estimation of density functions

o (Definition of LV estimator):

aw 0 Uz)/auld

x(u) = exp 0 )

25

where (g, up) = L Ly | ellnYiateeYi2) and

8"1’(“1»”2) 1 (nY;i1+wY;
) — Z 11yle(lj1 2Yj2)

@ Based on this estimator, the density fx of X can be estimated by

. 1 _
fx(x) = 27T/Re“’chx(u)ng(hu)du,

where ok (u) = [ e’ K(x)dx is the Fourier transform of a kernel
function K and h = h, is a sequence of positive numbers
(bandwidths) such that h, — 0 as n — oo.
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Estimation of density functions

@ Based on the expression ¢.(u) = ¥(0, u)/px(u), the characteristic
function @, of € can also be estimated by

’§>

0, u)
x(u)

o The estimator £ of the density £ is given by replacing Px in the
definition of fx with @..

Pe(u) =

>
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|
Estimation of density functions (CK)

@ We also consider a regularized version of the LV estimator proposed in
Comte and Kappus('15, JMA).

o (Definition of CK estimator): Their main idea is to regularize ¢x as

N - st (),
N e M)A
where ( y
~mod _ 6111 0 u» 6u1
¢x>%(u) —eXp/o —1/1(0 )
with R
1/';(07 u ) . 1/)(0, U2)

~ min{1,/n[{(0, w)[}
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|
Estimation of density functions (CK)

o The additional term, min{1, \/n|¢)(0, u2)|} circumvents unfavorable
effects caused by small values of the denominator.

o The denominator of Gx, max{1, |3 (u)|} is introduced to improve

the quality of the estimator by imposing that the estimand is a
characteristic function, which should not take values lager than one.

o The CK estimator fx of the density fx is defined by replacing $x
with Dx-

@ Also, (¢ can be estimated by

o here Bu(u) Px(u)
Pl = Gy Where () = e @)}

o The CK estimator £. of £. is given by replacing @x in the definition of
fx with ..
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Estimation of density functions

To estimate densities, we need to choose the kernel function K, and
impose the following conditions.
Assumption K

o The kernel function K satisfies [, K(x)dx =1, [ x*K(x)dx = 0 for
¢=1,...,p—1, and [ |x|PK(x)dx < oo with a positive even integer
p.

@ Also, pk(u) =0 for any |u| > 1.

This assumption says that K is a p-th order kernel function.
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Estimation of density functions

(Examples of kernel functions)

Kernel functions satisfying Assumption K is typically constructed by
specifying its Fourier transform ¢x. Examples of ¢k include
o (Finite order kernel):

pr(u) = (1 - ) Hue[-L1} k> p+2.
o (Infinite order kernel 1):
1

bexo(— ul—co)? .
o (S i<l <1,
0

if 1<]|ul,

if |u| < o,

ok (u)

forO0< c<1andb>0.

o (Infinite order kernel 2): The sinc kernel function.

ok (u) ={u e [-1,1]}, K(x) = sin(x)/x.
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Estimation of density functions

We consider the following two scenarios for the characteristic functions px
and .

@ Assumption OS (ordinary smooth): For some positive constants
Bx > 1, C > ¢y, wx, Be > 1, C. > ¢, and w, it holds

exlul ™ < Jox ()] < Celul P, for all [u] > wy,
c€|u|*ﬁ€ < pe(u)| < Cslu]*ﬂe, for all |u| > we.

@ The conditions By, B > 1 are introduced to guarantee the consistency
of the density functions.

@ We need to use the lower and upper bounds of the characteristic
functions to obtain suitable bounds of the stochastic and
deterministic bias terms of the estimators.

@ Examples: Laplace, Gamma.
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Estimation of density functions

@ Assumption SS (super smooth): For some positive constants py,
Cx > Cx, Wx, Pe, Ce > Ce, we, and some constants Gy, B € R, it holds

ox|ul™ exp(—|ul” /1ux) < lox (u)] < Clul™ exp(—|ul*/px),
for all |u| > wy,
celul™ exp(—|ul” /ue) < pe(u)] < Celul™ exp(—|ul™ /pe),

for all |u| > we.

@ We use lower and upper bounds to control estimation errors of
estimators.

@ Examples: Normal, Mixture Normal, Cauchy.
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Estimation of density functions

Theorem (KO(2019))

Suppose that Assumption M holds true, and E[|Y1]?*"] < oo for some
n > 0.

(i) : Under Assumption OS and n—1/2 T,?ﬁ”'w“'l log T, — 0 as n — oo,

it holds
sup |§5X(U) _ QOX(U)| _ Op (n71/2 T3BX+26€+1 log T,-,) ’
u€[—Th, Tn)
sup  [@e(u) — @e(u)] = Op (nfl/2 T30:42041 o T,,) .
uE[—Th, Th)
Inference from repeated measurents
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Estimation of density functions

Theorem (conti.)

(i) Additionally, suppose that Assumption K holds for p > max{Sx, B¢}
Set T, = h~!. Then

sup |fx(x) — fx(u)| = O, (n—l/zh—zﬁx—zﬁe—z log h~! + h,gx_1> 7
|u]<h—1

sup |£(x) — fi(u)] = Op (nY/2H 2 log ht 4 pT).
|ul<h—1
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Estimation of density functions

Theorem (conti.)
(i) Under Assumption SS and
n= 2 T30 (1o T, ) exp (BTE /e + 2TE /pue) — 0 as n — oo,

it holds
sup  |Px(u) — px(u)
UE[—Thr,Thr)
2TPx  2TPe
=0, (”‘”2Tn1—2f3x—2ﬁe(log Tn)exp( T e ))
Hx e
sup  [@e(u) — pe(u)|
UE[—Tan]
3T  2Tke
=0, <n_1/2 T,}_wx_we(log Th) exp ( L >> .
Hx He
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Estimation of density functions

Theorem (conti.)

(i) Additionally, suppose that Assumption K holds and that there exists
0 < ¢ < 1 such that pk(x) =1 for |x| < c. Set T, = h™1. Then

sup |x(u) — fx(u)]
u|<h—1

2h Px +2h—Pe

cPX h ™ Px
=0, <n—1/2h2ﬂx+2,85—2(|og h_l)e fix e _|_hpx/q—ﬁx_1e_:x) |

sup |fe(u) — f(u)]

lul<h—t

2h—Px +2h—ﬂe

cPX p—Px
=0, <n—1/2hsﬁx+2ﬁe—2(|og h‘l)e o - +hpx/q—ﬁx—1e—:x> ’

where ¢ = 1 when Sy, 8. > 0, and g > 1 when S, 8. < 0.

4
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Estimation of density functions

@ The same uniform convergence results in (i) and (i) hold true even if
we replace the LV estimator (&x, Pe, fx, f) with the CK estimator
((va ‘1067 fX; fe)

@ To obtain the uniform consistency of ¢ (or @) on [—Thp, Ty, it is
sufficient to assume

n~1/2 T35X+2B6+1 log T, — 0 under Assumption OS,

2THX | 2The
n1/2T1=26=2¢(|og T)e #x T e — 0 under Assumption SS,
as n — 0.
@ We can take ¢ = 1 in Theorem (ii) if we use the sinc kernel function.

@ We can also derive uniform convergence rates when X is ordinary
smooth and € is super smooth and vise versa since the decay rates of
the characteristic functions are not essential in our proofs.
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Estimation of density functions

(Comparison with Li and Vuong ('98, JMA))

@ We note that LV established the uniform convergence rates of their
estimators under the assumption that both X and ¢ have bounded
support. Our theorem does not require such boundedness.

@ Also, the convergence rates obtained in our theorem are typically
faster than those obtained in LV. For example, if we set
T, = O ((n/ log log n)*/2(+5+6)) with 0 < a < 1/2 as in Lemma
3.1 of LV, our Theorem (i) implies that

—3+a-— ATTHTBS)
sup _1oxu) = ox(u)l = 0p (o) o
uE[—Tn, Tl loglog n

and this convergence rate is faster than that given in LV, i.e.,

1
—5+a
n 2 .
(7|og|ogn> . Similar comments apply to other cases.
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Estimation of density functions

(Comparison with Bonhomme and Robin('10, Rev. Econ. Stud.))
@ The convergence rates in our theorem are also faster than those given
in Bonhomme and Robin ('10). For example, under Assumption OS,
Bonhomme and Robin ('10, Theorem 1) implies that

sup ‘@X(U) _ SDX(U)‘ _ Op <n71/2 T35x+3ﬁe+2 Iog Tn) 7
UE[—Th, Th)
sup  |@e(u) —@e(u)] = Op <n*1/2 T,?'Bﬁwﬁz log T,,) .
u€[—Th, Tn)

@ It also should be noted that our assumption on (Y1, Y2) is weaker
than an assumption in Bonhomme and Robin ('10) since we do not
need the existence of moment generating functions of Y2 and Y; Y>.

@ More precisely, the same convergence rate given in Lemma 1 of their
paper can be obtained under weaker condition by proving a
multivariate version of Neumann and Reiss ('09, Theorem 4.1).

Inference from repeated measurents August 7, 2019 21 /38



Estimation of density functions

@ We obtained the same uniform convergence rates for the LV estimator
and the CK estimator.

@ It is open whether the LV estimator can achieve the L, convergence
rate in Comte and Kappus('15, JMA).

@ To control the Ly risk of the LV-type estimators which are defined by
the ratio of the (regularized) empirical averages, it seems crucial to
introduce some regularization as in Comte and Kappus('15).
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Estimation of density functions

Multivariate version of Theorem 4.1 in Neumann and ReiB('09, Bernoulli)

@ The relaxation of assumptions in the previous works can be achieved
by a multivariate version of theorem 4.1 in Neumann and ReiB(’'09)
on the normalized empirical characteristic function process.

o Let {Y;=(Yj1,...,Yja) }7 be R9-valued i.i.d. random variables.
For t = (t1,...,ty) € RY, define
. n 1< .
t)=E itY )= = it'Y;
o) = E1 7 00 = 3 e
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Estimation of density functions

and for k = (k... ks) €N, [k| =L, k;,

Co(t) = \% > (e — E["M1]) = V/n((t) — ¥ (1)),
j=1

(K) gy — L - 9/ oitY; ity
Cn (t)—% ' 1w( — E[e™7]),
J:

ENCH L) = E [sup (w(utu)rcﬁ“(t)\)] ,
teRd

where w(t) = (log(e + |t]))~1/27° for some § > 0 and || - || is the
Euclidean norm on RY.
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Estimation of density functions

For example,

Ck

n( \/‘ Z 8t eltYi — E[eit.Y])v k = (0, 1),7

Jj=1

= \/E{iZ(g(Yj) - E[g(Yl)])} , & € Gy,

Gk = {y — a(z (cos(t-y)+isin(t-y)):te Rd}.
1

From Corollary 19.35 in van der Vaart (1998), we have that

sup £11 691 o] < Cy (/EDYP, G

for a universal constant C and where J;;(9, G) = f05 log(Np(e, G))de is

the L2-bracketing number of G1 k-
Inference from repeated measurents August 7, 2019 25 /38



Estimation of density functions

Lemma 3(KO(2019))

2+
Assume E [(del |Yj|(kf\/1/2)) n] < oo for some 1 > 0. Then

sup E[[| Sl qwy] < oo
n>1

v

We can also apply this result to examples in Bonhomme and Robin('10) to
weaken their assumptions on the existence of m.g.f.s.
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-
Estimation of density functions

Since

oIkl

(k) Mu) —
I 2 VA sip |5 (P(u) = ()

lull<Ts

inf_w([|ul]),

lull<Tx
Lemma 3 implies that

|k|
E [ sup ?
lull<T,

. sup,>1 E[ G5l o)
sur—aaps (00 w(“))ug Vainf <7, w(lul)

=0 (n_1/2 log T,,) .

Then we can show

aa“(akd (w(u) - w(u))' = 0Op (”_1/2 log Tn)
uft - Qul

from Markov's inequality.

sup
lull<Th
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Estimator of distribution function under symmetric error

(We use the notations in AKOW(2019))
Suppose we observe a random sample {XJ}J”:1 generated from
X = X*+¢,

where X™* is an unobservable variable of interest and € is its measurement
error. We assume that ¢ is independent of X*.
More specifically, suppose that we observe

Xik =X+ ¢€ufork=1,2andj=1,...,n

where {X}7_; and {€j «};« are two independent sets of i.i.d. random
variables.
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Estimator of distribution function under symmetric error

If the pdf £, of € is “symmetric”’, its Fourier transform feft can be estimated
by (Delaigle, Hall and Meister (08, AoS))

1/2

R 1o

Ft(w) = - Z cos{w(Xj1 — Xj2)}
=1

We can estimate the cdf of Fx« by

n 2

- X A Lsin(wu) K (w
Fer() = 550 2oL (S5 ). By = o [ T g,

=1 k=1 o)y w Fft(w/h)

where K is the Fourier transform of a kernel function K.
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Estimator of distribution function under symmetric error

@ We are concerned with approximation for the distribution of the
maximal deviation

T, = sup ]ﬁx*(t) — Fx«(t)],

teT

where T is a compact interval specified by the researcher.

@ A direct use of such approximation is construction of the confidence
band for Fx« over T.
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Estimator of distribution function under symmetric error

o Why distribution function?
o Let {X;}X; and {Y;}?2, be two independent samples of X and Y. X
and Y are generated as

X=X"+¢, Y=Y+,
@ To test the hypothesis of the (first-order) stochastic dominance
Hy : Fx*(t) < Fy*(t) forallt e T,

against the negation of Hy, density-based methods are cumbersome
to be handled.

o In AKOW, we applied the stochastic order test to the Korea
Household Income and Expenditure Survey data to investigate welfare
changes of different population subgroups between 2006 and 2012.
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Estimator of distribution function under symmetric error

@ Bootstrap approximation: the bootstrap version of Fx« is given by

- L)

Jlkl

where Xﬁk is randomly drawn from the pooled observations {X; , }

with equal weights. The bootstrap counterpart of T, is obtalned as
TE = sup |FL.(t) — Fx-(1)].
teT

o Let &, denote the (1 — a)-th quantile of the bootstrap statistic TE.
Theorem 1(AKOW/(2019))
Under some regularity conditions and suppose either Assumption OS or SS
holds. Then,

P(Th<&)>1—a+o(1).
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Estimator of distribution function under symmetric error

@ Bootstrap based implementation of stochastic dominance test: to test
the (first-order) stochastic dominance

Ho : Fx«(t) < Fy«(t) forallte T,

against the negation of Hy, we can use a Kolmogorov-type test.

@ The test statistics and its bootstrap counterpart are given by
Dy = SUP{FX*(t) - FY*(t)}>
teT

Diy = sup { Py (6) = L. (6) = {Fx(8) = Fy-(6)} ],
teT

where l:_)ﬁ(* and ,f—%i/* are computed using bootstrap samples {Xiﬁ};';l
and {Ylﬂ},"il from {X;}™, and {Y;}™2,, respectively.
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Estimator of distribution function under symmetric error

Let &2 denotes the (1 — a)-th quantile of the bootstrap statistics DP,I,,,Q.

Theorem 6(AKOW(2019))
Suppose either Assumption OS or SS holds. Then, under some regularity
conditions, we have the following results.
@ Under Hy,
P(Day,my > €5) < a4 o(1).

@ Under the alternative Hi(i.e. Hp is false),

P(Dpyny > €2) =1, as n — oco.
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Estimator of distribution function under asymmetric error

Let m < n. We can estimate Fx+ under possibly asymmetric error
distribution by

where iift is the Comte and Kappus' estimator (computed from “n
observations).

Let T = supeer |F£.(t) — Fx«(t)], and &2 denote the (1 — a)-th
quantile of the bootstrap statistic 75" = SUPseT \F‘;‘H(t) — FR.(t)], where
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Estimator of distribution function under asymmetric error

Theorem 2(AKOW/(2019))

Under some regularity conditions and suppose

(i) Assumption OS holds true, and mn<~1hp28e=25=1 5 0 as n — oo for
some 0 < (p < 1, or

(i) Assumption SS holds true, and mn“—1(log n)>**1(loglog n)> — 0 as
n — oo for some 0 < (1 < 1.
Then

P(TA<EN>1—a—o(1).

@ We can construct an asymptotic confidence band for Fx« over T with
level v as [Fx+(t) £ &] (Theorem 1) or [F£.(t) £ 2] (Theorem 2).
@ Other applications and real data analysis are given in AKOW(2019).
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Conclusion

@ We investigated the uniform convergence of deconvolution estimators
from repeated measurements.

@ We achieved faster uniform convergence rates than those obtained in
existing results under weaker assumptions.

@ Our results can be applied to uniform inference on distribution
functions under possibly asymmetric measurement error.

(i) Kurisu, D and Otsu, T. (2019). On the uniform convergence of
deconvolution estimators from repeated measurements.
STICERD DP EM604. submitted.

(i) Adusumilli, K., Kurisu, D., Otsu, T. and Whang, Y.-J. (2019).
Inference on distribution functions under measurement error.
R&R for J. Econometrics. STICERD DP EM594.
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SIMLTDZ

z = PnCn_l(x — Xo)

where with = (:1:171:2’ T )xn)—ra Xo = (130,230, T 7xO)T= z = (21,22, T Zn)T,
C’n_l is an n. X n-matrix representing the first-order difference, and P, is an n X n-orthogonal matrix such
that Cp, *C,y = = P,D,, P, with a diagonal matrix D,,. That is,

(1 0 0 - 0)
C;l=0 -1 1 0 :|n

0 0 -1 . 0

\o .- 0 -1 1/

P, = (pz('?))léi,jén

(n) 2 27 (i 1)(, 1
L= COS — = — ).
Pij nt1/2 Clam1" 22V 3

To detect a trend component in @, we use z; only with ¢ = 1, - -+, m(< n) for an estimation, because z;
with smaller ¢ contains information about a longer cyclic component.
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In [33]: n <- length(shouhi)-1
Pmat <- sqgrt(2/(n+0.5))*
cos (outer (seq(n)-0.5,2*pi/ (2* (n)+1) * (seq(n)-0.5)))
z <- Pmat %$*% diff (log(shouhi))
parm(2,1)
tsplot (shouhi)
#abline (v=82)
tsplot(z)
abline (h=0, col=2)
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(:) —]
o
I
>
[=m]
(s ]
(:) p—
o
© I | | | I |
0 20 40 60 80 100
Time
LA s A V/\Vnﬁ Ay A N Y
- AR R
%) Q|
2 o
E 1
%) _
[Cp]
= -
' I | | | | |
0 20 40 60 80 100
Time
| —
Trend #E7E
trend series: T, for x:
Py = (pg'l))lﬁiﬁm,léjﬁn
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In [35]: parm(2,1)
m <- 2
zT <- z
zT[ (m+1l) :n] <= 0
plot.ts(z, type="n")
lines (zT)
#abline (h=0,col=2)
plot.ts (shouhi)
Trend <- exp(cumsum(c (log(shouhi[1l]),t (Pmat) %*% zT)))
lines (Trend, col=2)
title (paste("Trend (m=",m,")"))
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@ o
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w) ]
L
<
' | | | | | |
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Time
Trend (m=2)
[an]
[am]
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= R
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o
= _
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o
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Time
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In [36]: parm(2,1)

m2 <- 2
n2 <- as.integer (n/2)
zS <= z*0

zS[(n2-m2) : (n24m2)] <- z[(n2-m2) : (n2+m2) ]
zS[(n-m2) : (n)] <= z[(n-m2): (n)]

plot.ts(z, type="n")

lines (zS)

#abline (h=0,col=2)

plot.ts (log(shouhi),lty=2,ylab="",yaxt="n")
par (new=T)

Seasonal <- cumsum(c(0,t (Pmat) %*% zS3))
plot.ts (Seasonal,col=2)

title (paste ("Seasonal (m2=",2,")"))
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In [37]: parm(2,1)

m2 <- 2
n2 <- as.integer(n/2)
zAD <- z

zAD[c((n2-m2) : (n2+m2), (n-m2) : (n))] <= 0
plot.ts(z, type="n")

lines (zAD)

plot.ts (shouhi, lty=2)

SA <- cumsum(c (log(shouhi) [1],t (Pmat) %*% zAD))
lines (exp (SA),col=2)

title (paste("S.A. (m2=",m2,")"))
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#Additive Outlier
D.ao <- rep(0,n+1)
D.ao[82] <- 1
parm(2,1)

plot.ts(D.ao)
z.ao0 <- Pmat
plot.ts(z.ao)
abline (h=0, col=2)
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In [10]: plot.ts(z,type="n")
abline (h=0,col=3)
lines (zAD)
lines (z.ao/10,col=2)
abline (v=10, 1ty=2)

S A_‘ 1‘# -MIUI\ l\“ A 1 “\M h J“ p;\LNm “l l ‘ ‘
SIS Gl i ke
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Time
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In [14]: #Level Shift
D.ls <- rep(0,n+1)
D.1s[83: (n+l)] <- 1
parm(2,1)
plot.ts(D.1ls)
z.ls <- Pmat %*% diff(D.1ls)
plot.ts(z.1ls)
abline (h=0,col=2)

0.8

Dlis
0.4

Time

Series 1
-0.05 0.05 0.15
] | | |
=
_
e
i
e
—_—— ]
_
= ———
eSS
e
—_——— ]
P
=
=
—— ]
e S
—
o
p—
_
=
R ——

-0.15

Time

9/17 2019/08/29 16:33



Fukushima41 file:///C:/Users/Seisho Sato/AppData/Local/Packages/Microsoft...

In [15]: plot.ts(z,type="n")
abline (h=0,col=3)
lines (zAD)
lines(z.1ls/10,col=2)
abline (v=10, 1ty=2)

|
8 - a A“* ‘Jﬂﬂ l I.‘ i M\Iﬂh“ ll ln il L ‘1 l l‘ i Lfi ﬁ f “
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#ver.2012.3.21

DDAIC <- 4
TCRATE <- 0.8 #"(12/frequency)
len <- length

#dyn.load ("decompér.dll")

len <- length
parm <- function (m,n) {
par (mfrow=c (m,n))

}
tsplot <- function (x, y=NULL, ...)
{

if(is.null(y)) |

plot.ts(x,...)

}
else {
plot.ts(cbind(x,v),plot.type="single",...,col=1:4)
}

}

"regsiml"<-

function (data, reg = NULL, ml = 2, period = 4, sorder = 1, log = 0,pb=
2,pa=2,hh=-20)

{

pb <- pb*(sorder > 0)

pa <- pa*(sorder > 0)

odata <- data

if(log > 0) data <- log(data)
n0 <- len (data)

if (sorder > 0) {
dx <- diff (data)

dx <- c(0,rep(dx[l:period],pb),dx,rep(dx[ (n0-period): (n0-1)],pa))
x.tmp <- cumsum (dx)
x.tmp <- x.tmp + (datal[l]-x.tmp[period*pb+l1])
data <- x.tmp
}
n <- len(data)
nl <- n-1
if(!is.null (reqg)) {
reg <- cbind(regqg)
k <= ncol (reqg)
}
dx <- diff (data)
if (hh < 0) {

dy <- dx
idddl <- NULL
if(!is.null (reqg)) {if(any(dimnames (reg) [[2]]=="ao")) {
iddd <- (cbind(regl[,dimnames (re
g)[[2]]=="a0"]) == 1)

if(pb > 0) {
for(ii in seg(pb)) {
idddl <- rbind(idddl,iddd[ (1l:perio
d)*(ii > 0),,drop=F])
}

}
idddl <- rbind(idddl, iddd)
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In [39]: #length (shouhi)
#ts (shouhi,start=c(1994,1) ,frequency=4)
zz <- x12siml (shouhi, reg = NULL, trend = 10, ar=0, ilog = 1, frequency
4, start =
c(1994, 1), iplot = T, sorder = 1,hh=0,a0=c(2014,1))

[1] 0.3541929 0.3930816
Mean Sum Sg R Squared F-value Df 1 Df 2 Pr (>F)

[1,] "0.0103" "O0.1115" "1.1298"™ "1™ "9m"™ "(Q_,3155"
Mean Sum Sg R Squared F-value Df 1 Df 2 Pr(>F)
[1,] "0.0099" "O.1657|l "21-4431" lll" "108" "O"
SIML10 h=0
8
Z o] 8 | l l _
2 - 8 ‘ ‘
T = T T T T T
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Time Time
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o
] g T
S =4
[}
o
= 8 = 5 _
o (=
) o |
[}
S = T T T T T
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Time Time
noise reg
AlIC= 87.6358386366562 z
S =
[}
- B 7
= R 7 8]
3 2
2 7 =N
= T T T T T T
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Time Time
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In [40]: shouhi.o <- shouhi
shouhi.o[75] <= shouhi[75]*100
zz <- outlier (shouhi.o,c(2008,1,2015,4),type="ao",trend=17,1ilog=0)
plot.ts (shouhi, type="n")
lines (shouhi.o)
lines (zzS$trend, col=2)
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[1] "make mat"
[1] "make mat"
[1] "make mat"
[1] 5243278 6336719
Mean Sum Sg R Squared

file:///C:/Users/Seisho Sato/AppData/Local/Packages/Microsoft...

F-value Df 1 Df 2 Pr (>F)

[1,] "166397.1™ "0.1445" "2.7024™ "1™ "1le"™ "0.1197"
Mean Sum Sg R Squared F-value Df 1 Df 2 Pr(>F)
[1,] "914164.6™ "le-04" "0.0083™ "1™ "109" "0.9276"
[1] "411.721884555715" "2008" "
[1] 5243278 4842078
[1] "410.156568702371"™ "2008" "
[1] 5243278 4764030
[1] 5243278 5171799
[1] 5243278 5765884
Mean Sum Sg R Squared F-value Df 1 Df 2 Pr (>F)
(1,1 "175171.4™ "0.0519" "0.8757" "1™ "le"™ "0.3633"
Mean Sum Sg R Squared F-value Df 1 Df 2 Pr (>F)
[1,] "914098.2"™ "2e-04" "0.0241™ "1™ "109" "0.8768"

[1] 5243278 5245184
Mean Sum Sg R Squared

[1,] "179900.2" "O"
Mean Sum Sg R Squared
[1,] "913666.2" "0.0012"

[1] 5243278 5875371
Mean Sum Sg R Squared
[1,] "172549.8" "0.0801"
Mean Sum Sg R Squared
[1,] "912168.8" "0.0044"
[1] 5243278 4967688

F-value Df 1 Df 2 Pr (>F)

"26_04" "l" "16" "0.9884"
F-value Df 1 Df 2 Pr (>F)
"0'1273" Hl" "109" "0.722"

F-value Df 1 Df 2 Pr (>F)
"1.3924" lll" "16" "0.2552"
F-value Df 1 Df 2 Pr (>F)
"0.4858"™ "1™ "109" "0.4873"

[1] "408.454530909937"™ "2009" "4n

[1] 5243278 3945295

[1] "402.189922619381" "2010" "

[1] 5243278 5266835
Mean Sum Sg R Squared

F-value Df 1 Df 2 Pr (>F)

(1,1 "111472.9"™ "0.61l61" "25.6726"™ "1™ "16"™ "le-04"

Mean Sum Sqg R Squared F-value Df 1 Df 2 Pr (>F)
[1,] "913306.9" "0.002" "0.2131" "1™ "109"™ "0.6452"
[1] "398.101638787292™ "2010" "

[1] 5243278 7607983
Mean Sum Sg R Squared
[1,] "11e852.2" "0.5781"
Mean Sum Sg R Squared
;] "911475.3™ "0.006"
] 5243278 4504819
] 5243278 4714534
[1] 5243278 5106308
[1] 5243278 4000143
[1] 5243278 6285875
Mean Sum Sg R Squared
[1,] "145489.3" "0.346"
Mean Sum Sg R Squared
[1,] "912557.3" "0.0036"
[1] 5243278 5772231
Mean Sum Sg R Squared
[1,] "105169.8™ "0.6582"
Mean Sum Sg R Squared

F-value Df 1 Df 2 Pr (>F)
"21.9241" "l" "16" "26_04"
F-value Df 1 Df 2 Pr (>F)
"0.6525" lll" "109" "0.421"

F-value Df 1 Df 2 Pr (>F)
"8.464" "1" "16" "0.0102"
F-value Df 1 Df 2 Pr (>F)
"0.3926"™ "1™ "109" "0.5322"

F-value Df 1 Df 2 Pr (>F)
"30.8174" "1" "16" "0"
F-value Df 1 Df 2 Pr (>F)
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chind(x, )

chind(x, ¥l

Oe+d0  3eHl5 BeHlB Oe+00  3e+d5 BeHlB

Oe+0  3eHl5 BeHlB
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T T T T T
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Time
org&trend
T T T T T
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Time
noise
AlC=222.440615714963
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org&ad]
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