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Three-way three-mode dimensional data analysis for biometric data
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We have developed a data analysis method to simultaneously grasp the
classification structure of subjects and related features from the tuple (subject, variable,
condition), which is called Three-way three-mode data. We also developed a dimensional reduction
clustering method that can identify regions of difference between conditions even in noisy data. We
also developed a sparse dimensionality reduction clustering method based on path analysis. As a
result of this research, seven papers have been published, one is in submission and one is in
preparation for submission.
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ERFIZL VB ONTEHET — 2o bR ER >V T A —%RML, TORR LMD
B & DRHEAZH LI LIEWEAEZET D, BFIIGIRXER)OEN TR IN-Z2EET
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THERERFLTEY, ZOLIBRT—FNORRBO T T AL =KL THEEHCKM,
BomWGE, T0Or T AN — LEETIEECHKMORMEEMIRT 5 Z L RRERGERH
. FO XD RMBEICHKRT 5 FEDO—>L LT Tandem Clustering (Arabie and Hubert,
1994) & L5 2 s 7 7o —F RIS H B S 55467238 5. Tandem Clustering Cldix
WD AT > T TERT I EDRTAEI DT O DL BT 2T — X ~@mH L, KKkt Eoxt
SOIEEATHEZHE L, 6 2 BMA CERKRT EOMEESTINC KT L CEBEFED 7 T A ) U T iEx
WHT DLW T —FThHD. Tandem Clustering ITEHANE S L W I FERH DA, De
Soete and Carroll (1994)<° Vichi and Kiers (200)IC&k > T2 T2 & U o FERICRIENE T
HENIHEBER SN TWS., 20X EEZwIRT D HIEE L TEEET —XITRT 5K
TR 7 T ALY U TENMERENTEY (De Soete and Carroll, 1994; Vichi and Kiers,
2001), 7T AKXV TRERE T T AL —EFBT 5 12D ORI GTZE M % RN HEE 35 ik %
BEINTWS. 3357 —ZIZx L TH Tucker model (23S KITHaKIZ 7 A XV Tk
(e.g. Rocci and Vichi, 2005; Vichi et al., 2007) MR INTW5H2, 3H 3 o7 — X1 5
WITHERI 7 T AL U o TIEOBLEMEITE £ - TV BIC S 0350 B YRR D 720,

I BIZ, RHTE DR OGRERIET 272012, YT — X &7 — X fRIT ORI 925 Z &
XEETHDH. 3H 3 L7 — ¥ B L KRBT — X 1Tk 5 7 S AT IS FE D < Frie 72 R oiif
W7 T AZY U TIRICOWTHEERD DIZHEDL T, Y FEOEHEITI o L1351
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2. WEEDOEM

AR CTIIEREICLVELNZ 3/ 3 tT7 — 2280 BMT — 2 b b oHiBEE>7 7 A
H—F ML, 7 T7AX— LT LZEBECHRFO/MERGIIERT LI ENTEDLL 72
WIHERI 7 T AR Y v EEZBRRTAZ L2 ET 5. BIARICIZRD 2 S DOM%E % £l
%,
(1) 33 LT —ZIZHkITAIIEZEFBD T ) A RITEROVIRTHERI 7 7 A2 U v ZHEDBI%
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3. BREOHIE

AR D B Z KT 5728, AR TITROIEE Z & IR HIEIC OV TEH LT,
(1) 3403 JL7 — Xt DAE Z kR D T2 /) A RNTIRVKRITTHERI 7 T A% U o ZIEDBA%E
(2) /SAMRHT & AR = 2AHEEIT IS S KRTTHERI 7 T A2 ) Tk

(3) (1) (2) DHFFEIZBEY S AT REbFE

SHHS TTT — XK T DRI TZAX ) o 7iEE LCEIZ2 ODORTMN T T AX Y Tk
BT D, FRICFRARHFRERC ODHEHFERSE CHMN S D FEBEO fMRI 7—%  (#5RE X iXtE
WX M) Tk D A RITHRLSARE DR WNHT T2k ehif 7 7 A2 ) o 7B BE LR 2 O
DRTTHERKI 7 T A XV o TiEZRET 5.

(1-1) fEBTTSI DZED NI T DR TMEN 7 T A F U ¥ ZTIEIZDONT

I SRR 2 R LT TR L RS XREI X (R 1 A iU or S 2 ¢ IRART R
) 2B D EMRT 77— & 7 b SR CHAZE 72 75 & FF O M HIES K OMMEEI D 7 T 2 Z — 2 K
T IO DI IRRTTAEKI 7 T A2V TiEa TS 5. IRICEARA 223 21T 5 .
ET, ST 2R/ LT =2 EIL, SIS — 2 T LI O B
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ZOMBITHNDED 7 T A Z ) o TREEIZHIRA D 575, MHBEIREUT-1 225 1 OFiHZ &
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— Model of the proposed approach
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The proposed method can detect
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the inner product.

X 1: MHBETHOZEONIRICRITBET Y FI220T
ZTOETEFITNESRMBLERDZENEL, V7 TAZ ) U §ERE S LT 52 & NN
cﬁé%Aﬂbé.%:ﬁ(ﬁ%ﬁﬂ@%J?ﬁﬁ<(Hlﬁ&kfm%ﬁﬂwﬁ@mﬁﬁﬂ
L HE) IR LTET Y I TDHZETIITAZY U ITHRERN L0, SIRNES ThHho /A
RN EZ T W2 Rk TTii 7 7 A2 ) U 7EERE T 2 2 A5 (K1 FE).

(1-2) Entropy IERMEIZE-S < BEDOMBITIICK§ DIKT > 7 tHEHTSIDHERE

FABAFT IS B 2 HTZBRI, KEEOMBITTHINFF B OB L = 5 TROVEHICHEL, 7
DE DR A 5 IR Lf_l/\ WO REREE B 2 5. ARWFRICERE T A58 & L THEED
FBAITHIDN G 1 DR T v 7 7 ABBAT TR & HEE T 5 729 D Generalized low rank approximation
of the correlation matrices (Duan et al., 2014) & 52, & TOFHEITHINE US4
FoTWaZEEERELTWS. DX 5 Z2ME%ERT 5728 Entropy IEAIMKIZHEE-S < Fuzzy
75 A& 7 (Miyamoto and Mukaidono, 1997) Tf#H X1 TV 5% Entropy 1ERMLZ H =87
T IR R e RIE 2 BRFET 5.

Entropy IERIME Sz A L 0 I@E 5 &2 FFoHH Fa"eﬂﬁﬁ'“lﬁb‘iyf%ﬁi, %5 TRV
BITHNARWEAEZ 525 2 L THETITSZ 2 DOV 7 AX—IZH¥EL, —DODIKT > 7 FfHEE
1T EHET D HEE > TCWVWD., AFEITIIMI o5 —4 % 2 *H 3 JLAEBATTANC AT 5 =
ECHMATRE L 72 5.

(2) Clustered Sparse Structural Equation Modeling for Heterogeneous Data

Structural Equation Modeling (SEM) (e.g. Bollen, 1989) IXfiEtrE N >IRin% T — % TRk
TABINCH AR S A FEO—DTHD. LML, TN KBEEMEL L TCWAZ EnbT
— A BRREEOHEEEZFF> TWD EEFMLTLLRLARNWT ENE 7 T AX Y 7ikE SEM OFRIRE
SHEIZ DWW T H BN THOIL TS (e. g. Fordellone and Vichi, 2020). L»L, 7T A%

— LR AEEN R DG ARE BN L WA, FNCEMR S AEEE T — XI5 25
CEEREEE D, ZOL I BREEAERRT D720, AR—AHEFICIHE S AN AEEOHETE
TR T ERIRFICERT DHT2RIRTTHEN S T A ) T HREBETS.

RKFETIT 2007 7o —F 2B LTED, =Dl Mixture 2SS FETHY, HH—>
I% kmeans JEIZE S HIETH 5.

(3) (1) (2) OHFFRICEET DA RERFSE
Z 2T 5 SDORENFZEIC W THT 5.
(3-1) Thresholding Approach for Low-Rank Correlation Matrix Based on MM Algorithm

AWFFEE (1-2) DFFEFFE TH Y, GIREXEREX 7 T A)ICHTIHIEEET — 2 NE 2 BB
\ZF TN BHE LTARBITHIN B A= R 72K T o 7 fHETH B HEE 3 5 T2 O D i 1= 72 IR ST
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B 2: ANR—RRET 7 HBTHIOHEICET A7 AT Y XAOHME
KEEBZET 5.

FIBIATAIMNBAR T v 7 Th D L 5 fBITH#HEET 2 2 & T, BEMOZENEHA S,
heatmap & T 5 = & THERDMEIRNE G & 72 D08, AMITMBIHRE 0 TH D X 5 &t
RO THEAMEDN R E LS R EIOICHEELTLEY) LW HORENEL D, S BICAY I THEIRE
DOENIEE 7208 0 ISV E 9 REATIC OV THHSHENR R EL RD L HICHELTLEW,
Rl RAZFEMLTCLEI>EWIMBELAELSD. 20X H)REEZRRT S X 5 2BEoH
EEART o 7 FHBITAIOHEE 7L ) R LA MBS DR H TR T v 7 BT A A HEE T D
OO EERBETS (K2).

(3-2) Simultaneous method of orthogonal non-metric non-—negative matrix factorization
and constrained non-hierarchical clustering

AWFZEIE (D) ORI TH Y, BHNZERT — XIS DTN 7 7 22 ) v ZIEOR%E %
AL LCHEMT 2. HWNZERT — X134 I—FBHITH LIRS 1 & 0 OWTInEiD
2% 2 T —FITEHBLTEBSND Z NS, FI—ERTINTHFAET -2 & LTRR
LT ENTE L. ZOHAMMITHER L, Koo T 2 BRICHEREITIINF o zEH+d o 2 &
T, EAMEIEZINA D Z L AN—AHEEZ TS5 Z LA AREL D, SbIZ, HMEAR
T—AThHHILEBRLTY TAZ—HLEBRRTCEMOEL TR, BHNZEET —4
DAT AV LHKTDHI LT, F7 TR =BT OWREPBFERTLEDONT A 2R
LIy hnd Ko7k LTHRETS.

(3-3) Constrained nonmetric principal component analysis

AWFIEIE (1) OFREWFIE TH Y, BISEERT — X N5 2 D NTERIC TRIBoNERER) < £
BEOINIER ] ENENOERDHERSERTAMEEZHEE T D720 O T 72 M T15 % B
9 %. Optimal scaling (e.g. Young, 1981) Z MW TH7 = VICHMBEEOBLE NG /2 HE
BHEWET HZ T, LVITEMN LV constrained nonmetric principal component analysis
T 5.

(3-4) Unfolding Models for Asymmetric Dissimilarity Data with External Information
based on Path Structure

RAFZEIL (2) DFFEFZETH Y, SEET — X B LOFR—xRIIx LTI GE) it —
A, BIOEEMONRAFEEN G 2 O BRICIERTFR 2 B M & R B AT EE 22 R vk T 28 ] & HE 7 E
T BT D DT 72 IR LRI R ERERIE Z BT 5. FERFRZIRGT R EEREARIE & L ThEA 72
FIENBREIN TWAHD, AFIETIL Unfolding (Constantine and Gower, 1978) % JLIZY45% H
M %2R T D T2 O DONT FEEZ BT 5.

(3-5) Asymmetric MDS with Categorical External Information Based on Radius Model

AWFZEIE (1) OFENIZETH Y, ENSZERT —# B L ORGSR GF) B



T —HNEH 2 5 7-F2IZ Radius model (Okada and Imaizumi, 1987) 1233 < Hi=RIES ALK
TR EMRIEZ BT 5. BEAFOIEX R IR o0 REERE AE TIRIR ST ZE [ C O X R 0T X i3
SOHNORNREDORERMEZ NS 570D HIETH S Teh, KFEEEZHWD Z & TIEXPRR
BEfRICIN A T, Kz LD OO L DITHIRT 52 LN TELZENAREL R D.

4. WFRBE

(1-1) FBTHIDOZEDONBEICH T HRITMENT TR E Y TEIZONT
RETFIEOMREEZHRIET 2L 2ZEMNE LT, FEVI 2 b—ra VB I OEBEOREREIC
B9 2 MRI 7 —ZIZxf LT L, FEflamat Lz, Tk e U TEBEFORITHEFIES 7
T AR o TEE M AEE T2 Tanden approach & 3 FiEHE L7z, FHEFEEEIX Adjusted Rand
Index (ARI) (Hubert and Arabie, 1985) TATWED Y T A X —HEiE LHEE L= 7 T A % — ik
OFELEEFTE LT, ERNEWILELERF Lz, BEY I 2 b—va COREE, BETIEORMR
BN FIEE L CHRRENBF CTHDL I 2R LTz, S 5IZ, EEEO IMRT 7 — X (2 H
L7=fE5%, BEFFO Working Memory & DR & T JENIRWER A5 D Z LN TE 2. RIFJERER
IXEEREEE T D applied sciences IZEEIZH#H STV % (Tanioka and Hiwa, 2021).

(1-2)  Entropy IEANKICE-S < BEOMEBMTINICKH KT > 7 tHEETTHI OH#EE
RETEOMRERIET 572012, MAFETHETH S Duan, et al., (2014)<° Simon and Abell
(2010) ZFES R = L—3 a3 ST Ko THE - BFET L7, sHlFEIZE QMBI T & HEE L 72K
T HBITAIOEERA L, g LR, BETFEOAREEMER L. AFEAEIZ OV
TITBUERR UM OB I H 5

(2) Clustered Sparse Structural Equation Modeling for Heterogeneous Data

AR HONTh, IBEFILEEEFOTEE A A DY Tandem approach Z KT 572012
BT R 2 L—a B XOEAGZFE L, R FEOARAMELZHER L TV D RIFFEARIC
DN TV BE [E B S IC B FR HF C Under review HTH 5.

(3-1) Thresholding Approach for Low-Rank Correlation Matrix Based on MM Algorithm
ARBEFIECOVTEES I 2 —va VBXOEBOBER T —XICH L CGEHL, BT
1£C& 5 Tandem approach & bl L CRAFHER 2457-. #FIZ False positive rate 38 X UVE
WESMEORRIETH D A= 2ADERWVNCOWTITEFTIE LR L TR TH D Z & 2R
L7z, AW R ILE B EEE T 5 Entropy [IZH#EFE CTH D (Tanioka, et al., 2022).

(3-2) Simultaneous method of orthogonal non-metric non-negative matrix factorization
and constrained non-hierarchical clustering

RIBETIEICOWTIINRN 2T AT Y X AOEHBS L OBGRAIMEEICOWTER L, HE
Ra2l—va VBIOEBRORET —Z I LCHEAL, BFEOEMSERT — X1+ 5%k
TAEHKI 7 TAZ Y U TEL LU CARI DA TD Z &2 MR LT D, £, ABFERURITE
BR2INEETd D Journal of Classification (2@ Tdh 5 (Tanioka and Yadohisa, 2019).

(3-3) Constrained nonmetric principal component analysis

ARETHETIE A MBSO /5 iEL MW algorithm (2S5 702 Y X ADOEH UV TS L
BEFE® Constrained principal component analysis &4 CIEE Y EAVITOWTELIREGEEL,
TOHEMAMEHR L. AR R ILERESIGE Ch 5 Behaviormetrika (ZH#EHF TH D
(Yamagishi, et al., 2019).

(3-4) Unfolding Models for Asymmetric Dissimilarity Data with External Information
based on Path Structure

FERZ RS ZNT KRS T D685 L OMEIKR L 22 [ O JEFEAT S % [RIRF I HEE 3 5 7 1A 2 B s - 583k
L, EBED switching {78 EEETHEEET — X D OIERNHRBEMREZERILT 5 2 &2k
LTW5. AHFZEREIIEBR 3T 5 International Journal of Software Innovation (2
H#H% T 5 (Tanioka and Yadohisa, 2018).

(3-5) Asymmetric MDS with Categorical External Information Based on Radius Model
AFERTFE TITFEBRIC IR PR72 BLR & [RIREIZ AR AT RE 72 il 2 HE 2 5 2 B 7o 22 IR PR R ot RS
HEERBRL, BT —2E2HFTATHZ LTI LTWD. AR ERIZIEREETH D Procedia
Computer Science |ZH# % CTd 5 (Tanioka and Yadohisa, 2018).
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