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Supplementary Materials

A Proofs of the conditional distribution of a subvector

of the continuous response

Consider the most general case, where we have the conditional distribution of a sub-
vector of the continuous response given a subvector of the binary responses and a
subvector of the continuous responses. In Delporte et al. (2022), the expected value

is equal to
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This expression can be simplified by proving that

e 0-5G VIEi||T;| (A.2)
(27)7 f(@2. 90 = 1) | /|v,||Bs| | Y|

(I)(:szﬁ + Hi/)\(/ci/@; F;;T;,)=1

First consider,

T = (E:HB")(E") " (E:HB ") +B;' - (HB;)E(HB;")
B'H, = -Z,K,Z.>"

2

Further, define

M, = -Zu,KZ, (3"
My = ~ZuK.Z,(S")"

Since X; = 02T and the fact that ZCZ- and Zbi are design matrices
(E;H,B;")" = M,E" + M,E®
As a result,

T;' = M,E"M,+ M,E°M, + M,E*M, + M,E"(E}) '"E"M"+ B;" —
(HB;')E:{(HB;")
= MyE"M, + M,E*M, + M,E“M, + M.E{"(E;")"E}"M, —
M E? (B )" ((B;)™) (B )" EB"M, + B, — (H;B;) Ei(H;B, "),

)

where we used the inverse of partitioned matrices,

(B) ™ = (B )" — (B )™ (B ™)~ (B,
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Further,

T,' = I-ZyK.Z,+M, <E§b(E§?b)1E§.’a — E) M,

)

-1
= I- szKzZ;, — Ma<(E-_1)““) M,

where we used B;' = I — ZbZKZZ;)Z and (H,B;') = [M, M,] and the inverse of a
partioned matrix.
If we re-substitute M, = —ébiKz-Z:i(Z?“)_l

(2

/ -1 ~a ~
T = 1-Z, {K + K Z (30 ((E-‘l)aa) <2$a>1za«K1} 2y,

Na, ~ ~Qa

Wil = K-z [(Ef)aa - <KZ-ZZ£<23“>-1>'ZZ;<zza>-1] o2
and
E' = 7' +%7'Z, (KZ,BZ,K ~ (D' + Z’Ciz;léd)—l) zZ.5
- ' +3Z, (KZ;Z,K +
K:ZyZy D' +Z.57'Z.) 2, Z,; K — (D™ + Z;Eglém-)—l) Z. s

= 14 E;lém( — KZ> Z;Z.Ei‘l,

where we used B; = I + Zy(K;' — Z;ZZM)*Z;Z and Z;Zbl = K;'!-D"' -
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2;2512@-. As a result,

Wl = K;l—22<2?”>‘1[<2?a>-1—<2?a>-122m2§<2?“>‘1+

-1
~a

<KZZZ;<2?a>-1>'222<2$a>—1] ()1 2"

~a

) 1
_ K;l—éixzza)—l[(z?“)-l] ()1 Z

= K;'- 2;(27})_12;

= D'+ Z,cizi_lzci + Z;zzbz - Z;(Eg‘m)_lza
1 S e S w1

= D +Z2,Z,+Z,%") Z,

ct

As a consequence,
~ ~1 ~ ~b ~b _1~/

T;' = I-Z,|D '+ 2,,Z) + Zci(sz)—lzm.] Z,, (A.3)
which equals (B})™', the inverse of the B; matrix of the joint density f(y2, yp:).
Next, consider

HX.8-F, = —-B,Z,K.Z.>"'X.0-T; ((H;B;l)’Eiv;lfciﬁ HA4)

(B,H.B;Y/(BY) (@, <Eiv;13faﬂ>b>)

35
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Next,

(E:HB; )" (E)"

= ZuK.Z () Zy K. Z (50 B (BY) !
— —ZuKZ (S - 2Kz ()
1=V

{ —Z[-K'+Z.57'Z: 'Z

ci

=0~ Zo(-K; '+ Z'c@?léd)_lzz;]_l}

1=V

= _2biKi2lc)i(2?b>_l + 2y K Z, (30 Zo [ - K7+ Z;Z.Ei‘lzm-} Z
(E)! = (2120 K Z,(5) 7]
= —ZuKiZ, (S0 4 2K 2 (50 2K Z (5

ci

where K7 = (D' + 2;22171 + 22(2?”)_12;)_1 and we made the following substitu-

tions

(K:)~

Next, consider

Z5() 2, = Z,cizi_lzci - zii(ng)_léb»

As a consequence,

(E:H B ") (E)

Hence,

~b ~b ~ ~1
Zci(ng)_lzci = (K:)_l ‘|‘sz‘sz* —Dfla
~ ~1

L4 2;(2;12@ = —Z,Z,— D"

= 2K 2 (S0 = ZuK (2.5 2 — Zu(S0) T 20K Z(20) !
= —ébiKizi;(E?b)_l -

ZuK (K" = Z,Zy— D' — (K}) " + Z,, 2y + DK Z,(50) !
= Z(KDZ(sh) !

~ T,(E;H.B;")"(E") 'y, = —H;y, (A.5)

where equals H} equals the H; matrix of the joint density f(y%, Ys:)-
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Next, we will rewrite the second part of (A.4)

HX.p-F +H

*
7

~b
yci

~BiZyK.Z. %' X~ T, ((H;B; VEV ' XaB+
(BHB (B BV X))

-B.Z,K,Z, %' X .8 — B{(H\B;"YE,V;' X .3 -
B:Z, K Zo(2) (EV]'X.8)"
~B.Z,K.Z. 5 ' X .0+
B! ZyK Z(3") BV, X .0)"
~B.Z,K.Z. XX .08+
B ZyK.,Z, ST\ % - Z,| - K; '+ Z,%7'Z,| Z,|V;'X.0
B'ZuK:Z (S Y B,V X .0)
—Bizbz‘KiZ,cz’Ei_ljfciﬁ +
BZ,K,Z .V 'X.0 -
B:Z,K.Z,S;" <2a[ - K+ 2;'2@_12@}_12;2') VX8 -
B! Z, K Zo(2) BV X.8)"
—BizbiKiZ,czEz‘_l}Eciﬁ -
B:Zbi [ - Z;Zsz - D_l} _lé,civi_l}z/cz'ﬁ -

b/

B! ZuK:Z (3" (B, V' X.0)",

~/ ~ ~ ] ~
177  _ g1
where we rewrote Z X, Z., = K, — Z,,Zy,
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Next,

(E:V'X.8)" = EP(VHMX.0)+EX(V;H)*(X.0)"
FEP(VY(XB)" + BN (VI (X L6)"

- (- B B 2

TN T NN

B — 22[ - K+ 2;‘22‘_12@]_12‘1

E?CL - Ziz[ - Kz‘_l + 2;'22‘_1201']_ z,

(2

!

ci 2

ct 7

!

1

ci 2

S 2L~ K+ 202 2L v

v;

e

)bb(/X/cz’IB)b +

1)ab(/X/ci/8>b +

)bCL(/X/Ci/@)a +

—~

)X aB)"
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As a consequence,

HX.8-F, +HY, = —B.Z,K.Z.5"'X.0~
B Zy|~ Zy,Zu— D" ' Z, V' XaB -
B! ZuK:Z,(V ) (XuB) +
/ ~ B —~ —~ ] _1~ /
B ZuK: Zu(S") ' Z,,| - K\ + Z,57' Z0| Zu(Vi
~ ~V ~b [ ~ ~ :_1~a’
B:ZblKchz(Ei)b)_lZcz - Kz_l + Zcizi_IZCi Zcz(vz_l

B} ZyK: Z,(V,)"(XuB)" +
- 1-1

~ ~ ~b ~ ~ ~U
BiZyK:iZy(S") ' Zo | — K, + 2,5, Z|  Z (V!

’ ~ B — — : _1~a/
B:ZblKjZlc)z(E?b)_lZlc)z - Kz_l + Z,CZEZ_IZCZ Zcz(vz_l

= _BizbiKiZ;iEi_I/X/ci:@ —
- 11
B'Zy,| -K'+Z.XZ,| Z . V'X.8+

— - _1 , N
BiZy|~ K '+ 2,57 Za| Z,(ViV(XaB) +

/

1-1

BiZy| - K"+ 2,5 Zo| Z,(V)(XaB) +

1

o~ /

B} Z,K;Z.,(V;)"(Xap) -

B Zy |~ K;' + 2,57 Zs| Za(Vi)"(XuB) +

1-1

BiZy| - K '+ Z,%7 Zo| Zo(ViH) (X uB)" +

B! ZuK:Z(Vi (X .08)

)

where we substituted ZI;EZ-_IZI; =(K;)™*t— Z Zl; - D

ci

Next, consider

/ —~

ZL(VIY X uB) + 2o (VI (X uB) = Zo(VI (X uB)

K3 K3
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and

Zo (Vi (X aB) + Zo(VIV X aB) = Z(V) (X )
As a result,
H,X.8—F;+ Hy,, = —BizbiKiZ,cizi_l}/ciﬁ -

4-1

B Zy| - K"+ Z.,%'Z,| Z,Vi'X.8+
~ : ~ ~ 1 _1~b’ —

B:Zy| - K + 2,57 2| Zo(Vi)'XuB+

(&

-1
a

B Zy| - K;'+ 2,57 Zs| Zo(Vi')'Xuf+

B ZyK:Zo (V') X0

— —B.ZuK,Z.%'X.0+ szbz‘KfZZ;(Vfl)a}ciﬁ

= _ébiKiZ;izi_lAX/ciIB — Zbi(Ki_l — Z,Z-Z,Z»)—lZ;iébiKiZ;izglfciﬁ +
zsz;kEZzl(Vz_l)a/X/ch +
Zol(K) " — 2y Z0s) " 20,20 K Ze (V) X B

where we have rewritten B; = I+2bi(K;1—Z;i2bi)_1Z;i and B! = [+ Zy(K?) ™'~
Z;zébz)_légn

Next, the substitution of

-1 7 5 A 1

K'-Z,Z, = Z.,5'Z.,+ D™,

(K =~ Zy,Zy = Z,(S)'Z,,+D,
ZyZy = K'-Z.%'Z,- D7,
~,~ ~ ~

ZyZy = (K)™'—Z,(""'Z., - D,

7
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results in
H;XJCZ,B —F; + H:ch' = _Zbi(élcizi_lélci + D_l)_lélcizi_lficm@ +
Zu K +K:Z,B:Z,K)Z., ((22- + 261D2;i)—1> X,
= ~Z(Z, 57 Z,+ D) Z, 27 XuB +

ab
Zy(K: + K Z,B:Zy,K)Z..( (% + Z,DZ.,)™" ) X.B8+
i i “bi—i i ci ci

Zu( K +K:Z,B:Z,K})Z.. ((2 +Z.DZ.) ) X.0.

Next, we substitute
~ ~/ ab ~a ~/ ~!  ~b

((z,» + Zm-DZc»l) = (B )"Z,(D '+ 2,35, Z2,)Z(5)",

<<Ez- + Zz»Dééz-)‘l) = ()" - <2;1>“0221-<D-1 + 2,37 Z,) 20 (B,

K+ K;‘Z,,»B*Z,ZK* - (Z

Z sz = 7 (s )be + D! D*l.

(&

As a consequence,

HX.B-F,+HYy, = —ZyZ.5'Z,,+ D) 'Z, 2—1320”6 _

Zbl(éb'(z—l)bebArD—) 1z 2z (Z S Z + DY

Zo (57X aB)! + |

sz<z < WZe+ D) ZL () (K aB)

Zu(Zo(E V20 + DY) 2 (2 2 (2.5 2+ DY)
Zi (=) (X aB)"

- —Zbi<zci<z;1>bb22 + D) Zo (57X B,

where we rewrote Z (EZ )bb(XciB)b + Z;(E;l)aa(/id,@)“ = Z;iE;I/X/ci,@.
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Further,

1

H,X,3—-F;+ Hy, = — (Z,,Z-K: — Zbi((K;*)’l)_ + (A.6)

/

Ebi |:<K:()_1 - 2;2252} _1) 202’(21’_1)%(}\502’/8)()

_ < [I 2K — ZZ) 2} Z

~ b /

-1 , ~
[Zcz(z;l)bbziz + D_l + ZbiZbi] )Zlc)z(zz_l)bb(xclﬂ)b

— —BZ,K!Z,(3") (X .p8)
= H(X.B)"

The combination of (A.3),(A.5) and (A.6) results in the following equality

O(XuB) — Hi (@, — (Xup)); B) = ®(XuB+H,X.0,F,T;). (A7)

Next consider,

/
(fciﬂ)lvfl(fciﬂ) - (V;lfciﬁ),Ez(Vflfciﬁ)
/ —~ N /
- ~(ZuKZlE - X)) - (B H X0 T,

~ b ~b

(ZZK:Z@(% (%)) <B:>1H5€1@ﬂ)

+ <gg1, - (Eivflfciﬁ)b> (E")~! <ﬂf; — (Ezvflfciﬁ)b>

HXuB) Vi (XuB) — (V' XuB)E(V ' X u0).
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Now consider the terms from the latter equation where @ﬁl occurs twice:
(zuxcZis ) T (zbiK:Z’;;@ VL) + BB T
- ~(ZurcZim Vi) T ZuK 2L ) 4
(B = B B i
- @;2’;{ (ST ZLK ZuB Zy K Zo (S 4 (B — (5 ZLK 22 -
(=7 K. Z" (2 Nz K.Z (2 Heb 4

~ ! ~ ""b/

(BT ZLK 2 (5T 2, ( K+ 2057 2 )_IZZ.(2?1)a“Za.KiZci(Ef1)bb}

= PLETL ST Z,, {—K:Z; (I+2bz-(<K:>-1 - 2,Zy)'Z, )ZK ~Ki -
~a' ~a _1~a’ ~a
K; Z (E )“aZ K+ K, Z (Z )““Z (—K;1+ZCZ-(ZZ-_1)“‘LZCZ-> Z,(ZhH"Z K,
Y -1\ bbb
ZCZ(Z ) yCZ’
where we first used the general inverse of block matrices

(By) ' = (B )" — (B, ) ((B; 1)) (B; )"

2

and next substituted B} = I + Zbi((K;‘)*l Z;Zbl)‘lé;

Further, we repeatedly use 2;2262 = Z;Z-Eb, K;' + K;', which results in the

7 )
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following

/ / — ! ,
_ (ébz-Kzéii(z;l)bb@z) T, (me:Z’;@ﬁ)%) B

~) ~

-1 -1
~b _ ~ ~b' _ =b * *\ — — ! —1\aa 7%
= ylc)i<2i 1)bbyi’.¢ + ylc)i<2i 1)beci{Ki - <(Kz> t— sz‘sz) - (Kz t— Zci(zi 1) Zci) }

257",

ct 7

-1
b

~} _ —~ ! _ ~b " o\ — ~) ~ . — _ _
= ylc)i<2i 1)bbyi’.¢ +ylc)i<2i 1)beci{Ki - ((Kz> t— sz‘sz‘> - K; }Zci<2i 1)bb lZz

1
/ / ~b ~ v ~b ~b
e — g (D +Zm-<21>bbzc,»> Z' (s,

i ) ci
o~ *\—1~b
- yci (Vz ) yci7

where (V¥)"! equals the inverse of the V; matrix of the joint density f(F";,Fs;)-
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Next, consider the terms where ﬂlc’l occurs once, at the start of the term,
~ ~ b . ! ~ ~ b —
(ZMK:Z@(E >“’yz) T(Z, K2 (85 (K )t
~ ~b _ ! o — L~
(ZbiK;‘kZu’(E )bylZz) T,(B;) 'H; X .0 — ycz(Ebb) YEV'X.8)
!/
(ZbZK*Z (= )bb;y”) Ti(ZyK? Z )(2 Heb (X . 8)°
— ym(zl )bbz K* ZbZB 7, K; ZC,E 'X.3
ba
+YL(EY) (ViHé(Bi + HiViH;’)_le) (XB)" — PH(ED) (X .8)"
bb
+ P (B (VZ-H;(Bi + HiViH;)_lHi> (X 8)°
/
~ *Nb/ ~ *Nb/ .
_ (ZK Z'(s; >bbyﬁz) T ZnK: 2 (=) (X oB) — 5B (R )
/ b ~ ~/ —~ 1 bN
— Y (EP) (Ez’H;B[1> B, ZyKZ,% ' X3+ yL(EY)” (Vz‘H;(Bi + H,V,H)) Hz) X iff
!/
(Zan 7' >:z7) T 7K 7)) (KB — 3 (B (R uB)
’ b — / bN
— g (B! (EiH;Bi_l> H. X8+ yu(EY)™ (VZH; (B; + HiViH;)_le) X0
~ Nb/ / ~ Nb/ —~
- (zbz«Krzcxz >bbyz) T ZuK: 2= (X oB) — 3B (X )
b
— (B ((Vi ~ V.H|(B; + HiVZ-H;)_IHiVi)H;B;I) H,X.3
b
L E) (VZH;(BZ- ¥ HVH)H) X.0
~ ~b ! ~ ~b —
= (ZbZK;chz(z )bbylc)z) TZ<ZbZK;chz>(Ez_l)bb(XCZIB) - ycz(Ebb> ( CiIB)b
- _ycz(v*) ( ciﬁ)ba

where we have rewritten
(EiV[lXCZﬁ)b = <I — VZ-H;(Bi + HiViHQ)_1Hi> (XuB)* +

bb
(I ~ V.H(B; + HiVZ-HQ)lHi)> (X.8)"
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Next, we will scrutinize the terms where @’;l does not appear

1

2 o~ / —~ ~ h o~
- (262-K:2i2-<2f1>*’b<xcia>b) T Zu K Z,)(S7) (X )~
2 o~ / o~
(sz-K:ZZ@;l)”b(Xamb) T,(B)) " H.X .0
/ , N
<(B%k)_1Hchiﬁ> T; (262'[(?2;(2[1)%()(@#‘3)6)—

((B;‘>—1Hz-’iciﬁ> T, ((B;")”Hz-}aﬂ> +(XuB) Vi H(XuB)—-
(V' XuB)E(V'X0) + (EV ' X.0)"(EY) (B V' X.0)

/ o~ / —~ / o~
= (ZbiK:Zii<zf1>bb<Xciﬁ>b) T(Z, K Z0) (57 (X uB)+

+ (X B (ST Zo K ZyBiZy K 27 X i — (X o) HLZy K Zoy(57 (X 1 8)"
— (XuB)H/(B) "H: X B+ (XuB) V' X — (XuB)V'E:V ' X .03

b
L (Xuf) (B (X aB) — (X uB) (BY) (viH;(BZ- i HVH)H) X.0
b/
— (X.8) <viH;(BZ- + HZ-VZH;)*HZ-) (E?)Y(X..0)"

v b
+ (Xc,ﬂ)’<V,»H; (B; + HiVZ-H;)_lH2-> (E?) ! (VZ-H;(B,» + H,»VZ-H;)_IH,) X..3

=(XaB)" (V) (X uB)
— (XuB)VH,(B) 'H; X B+ (XuB) V' X — (XuB)V'E;V ' X .03
b
+ (X uB) (B! <VZH;(BZ + HiViH;)_le) X0

b/
— (X.0) (ViH;(Bi + HZ-VZ»H;)_IHZ) (E")"Y(X.0)
—_— bl b/—\_/
+ (XCZ-B)’<VZ-H; (B; + HiViH;)_IHi> (E™)~! (ViH;(BZ- + HZ-ViH;)_IHZ-) X..3
:(/X/ci/ﬁ)b,(vz()_l(/ici/@)b
— (Ymﬂ)’ { ~V '+ H)(B) 'H; + V;lEiV;l} X .0+

4 b
+ (XCZ-B)’<VZ-H; (B; + HiViH;)_IHi> (E™)~! (ViH;(BZ- + HiViH;)_lHi> X3,

where we implemented the results from the previous proofs.
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Next consider,

’ N —1 ’ =b ~/ ~ AN

(BY) = (57— (572K 257

3 K3 K3

As a consequence,

4 b
(VZ-H;(Bi + HiViH;)_IHZ) (E™)~! (VZ-H;(BZ- + HiViH;)_lHi>

, /
=(2iiD2;i<I ' 2D2>H) ((2;5“’ - <z;1>bb2iif<:za<zzl>bb)
~b ~1 ~ =1
zZ,DZ, I+ Z,DZ,) H,

1 —1
—H! (I + ZbiDZn) Z,,D ((K;)—l — 7, Zy — D—1> DZ, (I + ZbiDZ;Z) H,

1
—H! (I + Z,ZDZ)Z.) ZbiD((K;")‘l — 7, Zy — D—l) K

-1
((K;)—l — 7, Zy — D—l) DZ, (I + Zbl-DZ;Z) H,
—1
~H'H, - H (I + ZbiDZ;Z.) H,— H\Z,K:Z,H,

—1
—H'H, - H' <I + ZbiDZE,i) H,— H| (Zbi(K;")‘lz;i Ty . I) H,

1
=—H, (I + Zbl-DZn) H,+ H,(B) 'H;

-1
—_H'H,+HZ,;(D"'+Z,Z,,| H,+H,B) 'H,
i ) bi i i

—H'Z,K.Z. X" + H Z,K,Z, B, ZnK,Z.> ' + H\Z,, <D—1 i Z;ZZ;Z.) Z, H,+

H(B;) 'H;,
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Further,

v b
(ViH;(BﬁHiViH;)_lHi) (E™)~! (ViH;(BH—HZ-ViH;)_lHi) _H(B*)"'H,

_ 17 [ gr—1 | &7 -1 ‘_lN’ -1 17 g 7 -1
=—X"Z, K, +Z.¥ Z, Z,X% +%¥ Z.K,Z X,

7 7

—1
+ 2;120i< ~K'+ Zcizi—lZa) Z. s -y 1'Z.K,Z, H,

1
- zi—lzc,»( - K '+ Zciz;lzm) Z,H, - X'Z.,K,Z >
+ Ei_lzciKiZ/cizi_lZciKiélciEi_l - Ei_lzciKiZ/cizi_lZCiKiZ;)iHi
~ ~ ~ ~ ~ -1 ~/
+ 312K, Z, 5 + 2;1zci( - K; '+ Zciz;lzm-) Z, !
> 1'Z.K,Z. 3 Z.K, 2.2 -2 2. K. Z. 5

-1
- 2;1202( ~K; '+ Zc,»zglzc,) Z. > +5'Z2,K,Z. % Z,K.Z, H,

1
+ X1 Z.K,Z, H; + 2;1202( ~ K+ Zm-zglém-) Z,.H,

‘H Z,K,Z. 5" — HZ,K.Z.5'Z,K.Z. 5" — HZ,K,Z. >

-1
— H'Z) ( ~K'+ Zciz;lza) Z S+ HZ,KZ > Z,K,Z. 5"+ HZ,K.Z.

—1
n H2< K4 222) 7.5+ HZ,K.Z. 5 7. K, 7. H,

-1
—HZ,K,Z.>'Z.K,Z,H, — H Z,KZ,H;, — H\Z, < ~K '+ Zcizglza) Z, H,
. ~ ~ _1~/ ~ ~1
:2;1Zm-( ~K;'+ ZCZ-Z);lZc,») Z VI 4321 Z.K,Z, V!
~ ~/ ~ ~ ~ _l~/ ~ ~/ ~ ~/
- Eilzm-KiZm.Z]ilZci( ~K;'+ ZciZ]ilZci) ZV ' '+3'Z.K,Z,Z,K;,Z_,V;*
~ ~ ~ ~/ ~ ~ ~ _1~/ ~ ~/
— 2;1ZciKiZbiZbiKiZciZi‘lZci( ~-K;'+ ZCZE;lZci) ZV'+H Z,K,Z V"
~ ~ ~ ~/ ~ ~1 ~ ~ ~ _l~/
- ¥1'Z.K,Z,,Z,K,Z,V " — HQZMK,»ZCZE;lZm( ~K; '+ Zm-zglzm-> Z V!

-1
+ 2;1zciKiZ;izbiKiZ’ciz;1ZCZ-( ~ K+ Zciz;lzc,) Z.vit

=-V '+ VIEV "
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where we rewrote the following matrices

-1 _ —1 -17 > -1 —17 =5 5 > -1
V. = Y -X Z,K,Z)Y -Y Z.,K,Z,,Z,K,Z_ 3

1
Y 1Z.K.Z,Zy (K;l — Z;Z-Zln) Z,ZnK.Z, 5"

~ ~

-1
E, = %, — Z( ~K; '+ 2212) Z,

As a result,
- (EmK:Zixzf)bb(Sw) T 2K Z0) (57 ) (X aB) —

/
(sz-K:Zixzf)bb(Xamb) T/(B!) "H.X.0-
/ , __
((B;.*)*Hijfaﬂ> T; <2biK:Zlc)i(2i_l)bb(Xci:8)b)_
/

<(Bf)_1HzXci5) Tz’((B:)_le’Xci/B) + (Xcz'/B)/Vz‘_l(Xci/3>_

(Vi XuB)E:(V ' X uB) + (EV ' X 8)" (EX) Y (E: V' X.8)
=(XuB)" (V) HX.B)

Hence,

G~ (it - <’faa>b)'<vr>-1 (9 - X.0) (A8)

49
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Next, consider

|Ei||T]|V;]
Vil Bil| B

(B") |V
(V|| B BT
(B — (21 Z K Z (2 Y2 + Z..DZ,
\VA[H/B;"H, + V, !||B,|T; ]
11— (S 'ZL K Z. + (S Z.DZ, — (S Z. K*Z" (31 2., DZ
\V.HB;'H,; + L,||B;||T;"|

(A.9)

/
cil

bl

cil

= (S 'Z, K Z,, +
b

/
cz'l

SWZ DZ. + S Z K ((K*)—1 ~ 7,7, D—l) DZ
1
\I,+ B;'H;V,H}||B,||T;|
I+ (=) 'Z K*Z, ZwDZ
|B; + H;V H}||T;"|
|I‘|‘ szDZiz(Efb)_lzizK:Z;A
I+ ZuDZ,||T; |
|I‘|' szDZiz(E?b)_lzizK:Z;A
I+ ZuDZ,||I — ZwK:Z,)|
7 Y b1 xS
|I+ ZbiDZci(Ei ) ZciKiZbil
I+ Z,DZ. (2 Z, K Z,|

b/

cz'l

|T + szDégn - 2sz;kZ;n - ZbiD<(K:>_1 -D ' - 2béi<2?b>_12iz> K;FZ;J

I+ ZyuDZoy(S) "\ Z, K Z,|

I+ ZuDZo(S") 12 K Z,,|
1,

where the Sylvester identity det(I4+AB)=det(I4+BA) is repeatedly used.

When we combine the results of (A.7), (A.8) and (A.9) in (A.1), the expected value
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simplifies to
BV~ i~ 1)~ ((BV Xy
BB - BV X)) )
v (BB - BE) BHB)
< (Tl-R) ~F) - R +F)),

In addition, if we consider the special case of (A.1), where we only condition on the

binary response, the expected value simplifies to

E[Yu| Yy = 1] = E,(V'X.8+ H.B,"'F,)

+E,H,B; 'T;[ — Fi(01) — F(02) ... —Fy(0))].
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B Prediction and confidence intervals for conditional

expected values

2.1 Conditional distribution of the the continuous response

given the binary responses

The prediction interval of the conditional expected value is composed of the sec-
ond central moment and the standard errors of the transformed parameters. More

specifically, the 95% prediction interval can be computed with the following general

formula
E[Yeil goi = 1] — 1.96\/15{(1701. — E[Yai|gs = 1])2} N agé?)‘/ar(é)agée)7
EYeilgoi = 1] + 1.96\/15{(121. B[Vl s = 1])2} N agé?) Var(é)ac;ée)r

where 0 denotes the parameter vector.
The second central moment is derived by Delporte et al. (2022) but can be simplified

using (A.2). The expression is as follows

E |:(i}cz - E[f/m@bz = 1)) (i}cz - E[i}czlgbz = 1])/ (B.1)
= Ei+EV,'X.8(X.8)V; 'E;
LE,H'B;" (N + JJ;> B, 'HE; +

E\V;'X.8J'B;'HE; + E;H'B; ' J(X.f)'Vi"'E,
—E(f/ci@bi = 1)E(i}ci|gbi =1),
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where J is the expected value of the truncated multivariate normal density, and N

is the second central moment of the latter density. They are defined as follows:

J = Tz-[—Fl(al) —FQ(CL2> —F@(a@)} —|—Fz,
a = }szﬂ + H}Zci/@,
&=, FiTy) < X, X .
o(x) = (X piB+HX i3,Fi,Ti)’ for® < Xuf+ HXuf, )

otherwise.

a;—1 A;41
E(IZ> = / / / / .CCl, L1, Ly Lja1, I"ﬁl)dﬂf’ﬁl, ..d:lfz‘+1dilfz‘_1...dxl,

T; j karFr(a Ti kg1
Nz’,j = u]‘l‘ZTzzk ];:kk i ‘I‘Zﬂsz( 17,9 M)

1 gtk zkk

—qu ak,aq JJk,

a1 Q41 Ag+1 ar;
Fk,q(x,y) = / / / / / ¢I Y, T, q)dm k,—q-

The derivative of the expected value with respect to a coefficient 3., of a predictor

X9 of the continuous response vector equals

E [}%lﬂy’”’ -1 _ g VX, + E;H,B;'T,B;'H,E;V'X,, (B.2)
c2
I/—ATZ[—Fl(Ol) —FQ(OQ) —F(O )}
E,H'B;' r\%
TR 2(0.T)

with

y2
A= Z(Hz’XCZi —T; B 'H,E;V ;' X 25| (X0iB + Hi X i3 — Fi)i;, T s
k=1
XD [(/)Ebzﬂ + Hi/X/Ciﬁ — F;)_; Ti,—k\k]a
Di

v = Z(Hz'jfczi —T;- B;IHiEiV;leJCZi)kgk(Ok%

k=1
01 0i—1 [Oit1 o5,
gr(zy) = / / / / (2125 10k Tk y1-25,] O([21. 2k 10k Tk 25, T )dx
—00 —00 —00 —00
o = X27j,6+Hchi/8_ Fz
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Further, T'; is partitioned as

k k
| T

[ ’

T T
and T'_y;, is defined as
k k) rp—1 (K
T—klk = Tgl) - TEQ)Tklegc)‘
Next, for a coefficient 3,, of a predictor X, of the binary response vector the deriva-

tive is the following

E [ffcz@bz =1]
0B

S—Q‘Tz‘[—Fl(Ol) _FZ(OQ) _Fp(op)}
d(o,T;) ’

= E,HB;'

where

D
— — — — —
Q = Z ngikﬁb[(szﬂ + H; X8 — F;)y, Ti,kk](I) [(szﬂ + H; X 8 — F;)_; T il

k=1

pi
—
§ = ZXsz‘kgk(Ok)‘

k=1
The derivative of the expected value with respect to an arbitrary component of D;,,,

denoted by 7 equals

E[Yei|Goi = 1 X X
OE[Yeilyni = 1] _ EV'X.8-E(V;'VIVi)X.B+

or
E:H/Bz_l(FZ—FTZ[—Fl(Ol) _F2<02) —Fp(Op)}>+
EH;B;'(Fi+Ti[— Fi(01) — Fa(03) ... —Fy(0p)])—
E,H,B;'B;B')(F; +T;[— Fi(01) —Fy(02) ... —Fy(0,)])+

E,H,B;'(tr* + F;)

To allow for a convenient solution for a general case, the following expression was

evaluated numerically

aTz[ — Fl(Ol) — FQ(OQ) — Fp(Op)}
or

tr* =
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In addition,

oD
or

B = B,Z, (K;D'D: D 'K, Z, B,
~

H' = -B'Z,K.Z.%'-B,Z,(K,D'D;, D'K,)Z.,%;"

* —
Dlm -

E; = —E; [ — VW'V '+ H'B'H, + H( —Z,; (K,»D‘lD;‘mD‘lKi)égi) H, +
H;Bi‘lH;"] E;

~1

T = —T, { ~ Zy(K,D'D; D'K,)Z,, — (H B;\YE;H'B;" +
(H;B;'B;B;")E,H;B;' — (H|B;')E;H,B;' — (H;B;')E;H; B; —
(H;B;')E,(—H;B;'B;B;")|T;

F; = T/(HBYEV'X.8+T,(H'BYEV'X.08+
T,(—H'B;'B*B;YE,V'X .8+ T,(HB"YE'V;'X .8+
T,(H;B™')E,(-V;'V;V;)X.3

Lastly, the derivative of the expected value with respect to o2 equals

OE(Yeilyoi = 1] = E:V;lfciﬁ — Ei<V;lS:V;1>}ciB +

Oo?
EH'B;'(F;+T;[— Fi(o1) — Fsx(02) ... —F,(0,)])+
E.H;B;'(F;+T;[— Fi(o)) —Fy(02) ... —Fy(0p)])—
EH,(B;'B;B;")(F;+T;[ — Fi(01) —Fs(02) ... —Fy(0,)])+

To allow for a convenient solution for a general case, the following expressions was

evaluated numerically

aTz‘[_Fl(Ol) — Fy(02) ... _Fp(op)]

tr* =
" Do
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In addition,

S.

K*

)

B*

)

H*

)

F*

0%

Oo?

K.Z.S7'S'>'Z K,

B.Z,K:Z, B,

B ZuK,Z.%; ' — B,Z,K.Z. 5" + B;Z, K., Z. > 'S'x"

—E, [ -V 'S,V.'+H'B;'H, - H B;'B/B;'H, + HB; 'H} | E,

~T; K —- B;'B;B;' — (H; B;'YE,H,B;"' —

(—-HB;'B;B;'YE;:HB;' — (H;B;')/E;H,B;' — (H;B;')/E;H; B —
(H;B;'YE,(-HB;'B;B;")|T;
T:(HBYVE,V'X.8+T:{(H'BYVYEV'X .8+
T,(—H'B;'B:B;YE,V'X,8+T,(HB YE'V;'X.08+
T:(H,B™'YE,(-V'S:V;)X.0
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2.2 Conditional distribution of a subvector of the continuous
response given a subvector of the binary responses and

a subvector of the continuous responses

The second central moment is calculated in Delporte et al. (2022) and can be simplified

using (A.2). This results in the following equation

B (¥ — BT 3% s = 1) (V2 — BV 5 = 1)

~ B EEY) BN+ (BHB) (N + T ) (BHB; )"
+(EH,B; ) J(X.8)V,; 'E)" + (E,V; ' X.08)"J (E,H,B; )" +
(Eivi_l}\(/ci/g)a(Eiv;lfici/@)a,

+{(E H'B; )“J( (EiV;lk“ciﬂ)b> — (E,HB ') <N + JJ’) (E,H'B; 'Y

/
+(E VX 8)" (@” - (Eiv;l’iciﬂ)b> - (Eiv;lk“cim“J’(EiH;B;l)b’}(E?b>‘1E?“
+E§6(E?b>—1{ (g” —~ (Eiv;l’iciﬁ)b> (XuB)VE)" — (E;H'B;")J(X.0)V,E;)"

+ (g” - (EiV;lfC,ﬂ)b) J'(EH,B;")" - (EiH;Bi‘l)b<N +J7') (EiH;Bi‘l)“'}

+E?b(E?b)1{(E¢H;B <N +JJ) ) (E;H'B

—(E;H'B; )bJ<~b (E;V'X.8) )

(- VoK ) BB + (- (VX))

(ﬁi’i - (EiVilfciﬁ)b))/}(Eﬁ-’b)_lEi’“ — EIYS155, Gvi = EYEGE, G = 1],

with J as the expected value of the truncated multivariate normal density, and IN is
the second central moment of the latter density. They are defined in B.1.

The standard errors of the transformed parameters are derived by Delporte et al.
(2022) with the delta method, but are here simplified with (A.2). The derivative of

the expected value with respect to 3., an arbitrary coefficient of a predictor of the
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continuous response vector X is the following:

OE[Y.2| 5L, Ubi]
8/602

= (B, V)X — ENED) Y BV X 0

; ((EiH;Bf)a - Efb(Ei-’b)*(EiH;B;l)b) (v +5),

with
5 — Tz-( (BHBY (BY) BV R + <H;B;1>'Ei<v;1fc2i>)

P %:l(HZ/X/lQZ — 6z>kgk(0k) — @TZ [ — F1(01> — FQ(OQ) — Fp(opﬂ

(I)(fX/bZ,B + HifX/ciﬂa Fi> TZ)

"01 0i—1 [0it1 0p;
gk(mk) = / R / / R / [xl..xk_lokka..xﬁi]'gb([xl..xk_lokxkﬂ..x@.]', Tl)dil,'_k
J —oo —oo  J —oo J —oo
P

e = Z(HikXCQi —0ir)p(XpiB+ H X8 — Fi), Tkk)q)[(Xbi;@ + H; X8 — Fy)_y, T—k|k:|v

k=1

where T'_y;, is defined in (B.2).

The derivative of the expected value with respect to a coefficient Sy, of a predictor

X2 of the binary response vector equals

OE[Y2| G2, Goi = 1]
0Bs,

_ ((EiH;Bf)a _ Efb(E?b)*(EiH;Bf)b)

¢— QTi[ — Fi(o1) —Fy(o2) ... ~— Fp(Op)}
(I)(X-/bi;@‘FHiifci/@u F,,T;)

with

Di
¢ = ZXl;%kgk(Ok)a
k=1

Q = Z Xpoird( X B+ Hi X i3 — Fi)g, Tri) @ [¢(szﬂ + H; X .8 — F;) 4, T—k\k}-

k=1

The derivative of the expected value with respect to an arbitrary component of D;,,,
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denoted by 7 equals

OE[Y2YE = 4b, s = 1]
or

= (B/V'X.B-EV;'VIV'X.B)"+
[(E;)™ (B~ — B ()~ (B (EY)™)]
(92 — (Eivflfciﬁ)bﬂ
+ ENEY) - EV'X.8+EV;'VIV.'X.0)]

v (EHEc BB - BHB BB

- |ErE - mrEy e e )| B
- EXE)NEHB; ' +EH B - EZ»H;-BfB:Bf)b)
X (TZ- [— Fi(o1) —Fs(02) ... —Fy(o)]+ F)

v (BB - BB (BB o

To allow for a convenient solution for a general case, the following expressions was

evaluated numerically

GTi[—Fl(ol) _F2<02) —Fp(Op)} +Fz
or

tr* =
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In addition,

aDlm
or
g ~1
B; = B;Zy, (K;D"'D;, ,D'K,)Z,B,
~

H = -B'Z,K.Z.X'-B:Z,K,D'D;, D'K)Z.5;"

* —
Dlm -

1

E' = —E, [ - V;'WViV'+ H'B'H, + H( ~ 7, (K,»D‘lD;‘mD‘lKi)ébi) H, +
H;B;IH;’"] E,

T, = —T; KE;‘H;Bgl +EH;B;"' - EiH,»(Bz.‘lB;‘Bi‘l)Y (EP)""(E:H/B; ")’ —
(B:HB) (B) ' (B)"(B) (BHB;")" +

B () (BB BB BB BB
(B;'B;B;") -~ (H!'B;" - H,(B,'B;B; ")) E,(H'B,") - (HB,;")E;(H/B; ') -
(HUB B (HY B~ H.(BBiB)| T,

2

Z,, the residual variance

Finally, the derivative of the expected value with respect to o

of one of the continuous responses, equals

OE[Ya|Yh = Gt Goi = 1]

C
2
JoZ

= (B'V'X.8-E,V'S'V;'X.08)" +

[(E)™(E")™ - B () (E)"(E)™)]

[(?731 - (Eivflfimﬂ)b)}
+ EYEN [ -EV'X.8+EV'SV;'X.8)

+ ((E;‘H;Bi‘l +E,H'B;"' — E;H.B;'B*B;')°

— [(B)™(E") ™ - EX(EP)HE)"(E) )] (B:H B ™)
- BBV BIHB + BH! B - EHB BB
X (Tz[_Fl(Ol) —FQ(OQ) —Fp(Op)] +F2>

+ ((EiH;Bi‘l)“ — E?b(Eﬁ?b)‘l(EiH;Bi‘l)b> tr,
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To allow for a convenient solution for a general case, the following expression was

evaluated numerically

In addition,

S*

C

K:

)

B

2

H*

2

N aTZ[—Fl(Ol) —FQ(OQ) —Fp(Op)} —I—FZ
tr® =
do?
0y,
do?
K.Z. >'S'Y'Z.K,
B.Z,K:Z, B,

B ZyK,Z.,X '~ B,Z,K:Z. ' + B;Z, K, Z. >8>
—E; { - V'S'V:'+H'B;'H, - HB;'B!B;'H, + H;Bi‘lH;*} E;

- KE:H;B;I + BH; B} — Ez-HxB;lBrB:l))b (BY) (B.HB; ") —
(BHLB) (B (B)(BY) " (BHIB) +

(BB (B (BUHB - BHI B - EZ-HAB;lB:B;H)b -
(B,'B;B;") - (H;B, ~ H/(B;'BB;")) E.H/B," — (H,B,"/E;(H.B,") -

(H,B;')E; (H;"BfH;(B;lB;‘Bf))] T;
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C Confidence intervals for conditional probabilities

We will first derive the confidence interval of (2.9). First, the logit transformation is

applied to the probability to transform it to the continuous scale:

z = logit (f(i}bi = 1|gcz)> = logit <(I)(X:bi5 — Q] Bz))

Next the derivative of z with respect to a coefficient 5.5 of a predictor of the continuous
response vector X, is derived in order to obtain the transformed standard errors on
the continuous scale

0z " Hz‘kXcm‘(b[(vai,@ — o) B | ® [(szﬂ — 0t) i By (C.1)
0By ~ 2 —~ T
e (q)[Xbi/B_ai;Bi}) —(I)[sz',@—az‘;Bz]

where kk denotes the element on row k& and column k, k& denotes the row k of the

matrix or element k of the vector. In addition, B; is partitioned as follows

k k
B{{ B
BY) Bu

Next, B_y;, is defined as
By = Bj} — By BBy, . (C2)
which has been retrieved from Poddar (2016), in their Appendix A.

Next, the gradient of a coefficient Sy of one of the predictors of the binary response

vector Xy is defined as

0z _ %:1 Xbmkﬁb[(kvbi,@ — )i; Bkk]@[(fbiﬁ — Q) _k; B—k\k}

o 2
I <(I)[§Ebi,8 — Oy Bz}) - [Ybi;@ — O Bi]

. (C.3)

To allow for a convenient solution for a general case, the parts of the two follow-
ing gradients expressions were evaluated numerically. The first expression shows the

gradient of the residual variance o2 of a continuous response Y., and the second ex-



A Joint Normal-Binary (Probit) Model for High-Dimensional Longitudinal Data 63

pression contains the gradient of 7, an arbitrary component of the variance-covariance

matrix of the random effects D

92 9B(XuB— ;B 1
doz doy > ? ¥ ’
<‘I)[szﬂ - O Bz]) - (I)[szﬂ - Bi]
or or

5 .
<(I) [Yblﬁ — O, Bz]) - (I)[X/bzﬁ — QY B,}

Hence, the 95% confidence interval can be constructed as

expit{z +1. 96\/<§;> Va (é)(?é)} (C.4)

where 6 signals the vector of estimated parameters.

We will now derive the confidence interval of (2.10). First, let z be a logit trans-
formation of the latter conditional probability. The gradient of a coefficient £, of a

predictor of the continuous responses X, is derived:

;;2 = { Z HikXc2i¢[(§biﬁ - Hz(i}cz - }czﬂ))k; Bkk](l) [(S(/biﬁ — Q) B—k\k]
¢ k=1
X B(X,0~ H(Y .~ X.8); BY)
k=1
X (I) [szﬁ H ( - czﬁ) j| }

2
_ <q> XL Y.~ X0

— _ 2 — _ ’
(X piB—H (Y ei—XciB);Bi) | e XpiB—Hi(Yci—XciB);Bi)
(X}B—HY(Y i~ X i) BY) (X B—HY(V i~ X i) BL)

where B_y;, is defined in (C.1).

Next, the gradient of a coefficient (355 of one of the predictors of the binary responses

(C.5)

k\k]
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X o is defined as

k=1
X ®(:\X/Zlﬂ o Hf(i}m - }Zcz‘,@% B?b)
- Z Xb22k¢[(3(/22'3 - Hi)(i}cl - /X/czﬁ))k’ BII;IIJC} [(XI?ZIB Hb( ci CZIB)) k> B—k|k]
X [szﬁ H ( - czﬁ) }}

-2

_ . 2 _ SO )
(X piB—Hi(Y i—Xi8);Bi) | 2(XpiB—Hi(Ycei—XciB);Bi)
®(X 58— HY(Y i~ X i3);BY) O(X ;B8 HO(Y i~ X if3); B)

To allow for a convenient solution for a general case, the following expressions were

evaluated numerically

St* _ (szﬂ H( - 0116) )
8021 ’
—p ~ —~
e _ 02X, HUY . — XuB); BY)
do? ’
dt* _ (szﬂ H( - 0116) )
(97‘ ’
b ~ —~
e 0%(X0— HY(Y . — X.f): BY)
or .

2

The gradients with respect to the residual error variance o7 and an arbitrary com-
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ponent of the variance-covariance matrix of the random effects 7, equal

g {st*@(’f’;ﬁ—HW@—SEC@;B;’I?)— )
Ucl
(Xbl/g H( c czﬁ) )}
—2
( [szlg Hb( - czﬁ) Bbb})
— - 2 — - ’
(X piB—H (Y ci—XciB);Bi) | 2 XpiB-—Hi(Yei—XciB);Bi)
(X pB—H(Y =X i) BIY) B(X 3~ HY(Y o~ X oif):BY)
0
5= {reXis - HUY .- Xap)BY) - (©38)
e O(Xnp - HAY - Xop) B

-2
- (@ [35;6 ~HY(Y. — X.P): Bi’b})

__ _ 2 __ I :
D(XpiB—H (Y ci—XciB);Bi) _ [ 2XuB—Hi(Y i—XiB);Bi)
O(Xp;8—HY(Y i~ X :8);B) ®(Xp;B—H(Y i~ X i3); BY)

Again, the confidence interval with appropriate bounds can be constructed with

(C.4).
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D The manifest correlation function

4.1 Proof

The formula of the manifest correlation as described in Delporte et al. (2022) is the

following:

1 1/2 / /2
<|Dl |1/2\M'|1/2L1/2 - >mlz]IB(I)(L mzk )_I_ |Dlm‘1/2‘M |1/2L zlz]M mzk (Lz wmzkz )

PYiij Yinire =

mik mik

\/(zlelmzlw + Xuij) O(L;*@,,8) (1 — B(L;*,,5.8))

where Dy, denotes the submatrix of D relating to the variances and covariances of

the random effects of both responses ¢ and j and

-1 /
Mz' = D +zmikzmz’k

L, = I-— mZkM Zmik-
Now, consider
|Mi| x |[D| = L;*
IM; x D| = (1— 2, M; 2%)""
|(D +zmlkzmzk> X Dl = 1- mzk( M +zmlkzmzk> 1zmik
|I+ Dzmlkzmzk:l = 1- zmzk( M +zmlkzmzk> IZmik
|I + Dzmlkzmzkl = 1- zmzkz( D_ - zmikzmikz + zmikz;m'kz)_lz“@ik
|I + Dzmzk:zmzkl = 14 Zmiszmikz

As a consequence, the expression simplifies to

Ll M zmzk(b(Ll/Q ;mkz )

V (z;ilemzwzzu)@(L”z 2,.8)(1 - (L a, . B))

PYiij Yimir, —

Y
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4.2 Standard errors

We extended the methodology of Delporte et al. (2022) by calculating the formula
of the standard errors of (4.1). The Fisher Z transformation is first applied to (4.1)
in order to transform the probability which takes values on the unit interval to a
quantity which takes values on the entire real line. Now, the delta method (Oehlert,
1992) has to be applied to calculate the standard errors, since the estimates of the
joint model are first entered in formula (4.1) and then transformed with the Fisher

z transformation. Hence, the standard error of the Fisher transformed correlation z

equals
0z ~ 0z
where 0 indicates the parameter vector.
%m m2 equals
5, 1 1| —Xp Lio(L !
Z _ Bl 2i kwmzkﬁ ¢( L ik ) h M Zin —
0By 1P L /

1
2 M 2o (LY 20 B)

mzk

!
o [zlilemzlij + 2 | X

m22k\/_¢( 1/2 ;mkz )(1_2(1)(L1/2 ;mk: ))}

where p equals the non-transformed correlation between V;;; and Y,,;, and

v o= \/(Zﬁilemzlij+Elij)‘I’(Ll/2 x!,.B)(1 — ©(L; %z, /3)).

Next, the derivative of inj equals

1/2 _ 172 .
62 o (I)(L mzk )(1 q)(Lz wmzkz )){ 1 M zmzkz¢( 1/2 / )} 1

- = Z —.
do_lzij p 1 1/2 lij Linik 2V‘5
)

The derivative of an arbitrary component of D,,, denoted by 7 equals

9z _ _—1
or p2—1

Y

1 / -

th_tQWzlijMi
1

v2

! Z’mik?‘b(Lz/Qw;—m’kﬁ) :|
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where
aljlm

D*
or ’

M* -D;,'D*D,},

L;“ —zmsz 1D 1D D 1Mjlzmik
z :nzkIB 1/2 4
_— L
1

tl mzk’

1o

2 i 7 lzy 1/2

1

1 /
2L1/2'zh]M szkL( mzkﬁ) ¢( 1/2 L ik )

1
2v

C(zlz]DlleZ] + Zh])(l - 2(1)([’1/2 ;nzk: ))}

{zle*zm@(Ll/Qm’ )1 — (L% .. B) +

mik ) mik

- 1
—L; 3/2L"‘ Mz d (L Lz, ) — Ix — 2 M MM 2 d (L

1/2 /
Linik
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E Pairwise modelling of independent subsamples

The computational complexity of our models in the case studies is reduced by the use
of multiple pseudo-likelihood methods. Firstly, the pairwise method of Fieuws and
Verbeke (2006) is implemented. This method estimates the parameters in the joint
model by fitting a bivariate model for each pair of the responses. As a result, some
parameters are estimated only once (e.g., the covariances between the random effects
of different responses), while other parameters are estimated multiple times (e.g., the
variance of th random intercept of a response). To obtain a single estimate for the
parameters that are estimated multiple times, an appropriately weighted average of
the estimated values can be used. More details and the calculation of the standard

errors can be found in Fieuws and Verbeke (2006).

Secondly, the partitioned samples method of Molenberghs et al. (2011) can be of
use to reduce computational complexity. In this method, the dataset is divided into
random subsamples and each sample is analysed separately. This results in multiple
estimates for each parameter, which can be transformed into a single estimate by

calculating an appropriate weighted average.

Thirdly, the latter two methods can be combined to reduce the computational com-
plexity even more. Hence, we divide the data in subsamples and proceed to analyse
each sample with the pairwise method. As a result, we have estimates for each pair of
responses for each subsample. Again, we can combine those estimates by calculating
the appropriately weighted average to obtain a single estimate for each parameter.

More details can be found in Ivanova et al. (2017).
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F Case study: Covid-19
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Table 10: Parameter estimates (standard errors) of perceived infectability and germ
aversion.

Effect Infectability Germ aversion

Intercept 4.536  (0.199) 4.428  (0.026)
Time 1 20,026 (0.074) -0.022  (0.007)
Time 2 0.019 (0.083) 0.068  (0.009)
Time 3 0.145  (0.095) 0.006  (0.011)
Time 4 0126 (0.111) -0.198  (0.015)
Gender: Male -0.225 (0.069) -0.343  (0.004)
Large city 0.135 (0.111) 0.072  (0.008)
Suburbs 20.006  (0.089) -0.054  (0.006)
Small city 0.112 (0.079) 0.096  (0.005)
Countryside -0.109 (0.153) -0.115  (0.015)
Age 20,002 (0.003) 0.015 (<0.001)
Student 20100 (0.146)  0.01  (0.016)
Permanent disability 0.498 (0.211) 0.451  (0.029)
Children: No 0.080 (0.075) 0.121  (0.004)
No parents <60 alive 0.154 (0.077) 0.125  (0.004)
Perceived income -0.177 (0.029) -0.121  (0.001)
Time 1 x Gender: Male 0.001 (0.045) 0.072  (0.002)
Time 2 x Gender: Male -0.020 (0.048) -0.123  (0.003)
Time 3 x Gender: Male 0.025 (0.057) -0.089  (0.004)
Time 4 x Gender: Male -0.014 (0.061) -0.071  (0.004)
Time 1 x Age 0.000 (0.001) 0.004 (<0.001)
Time 2 x Age 20.004 (0.002) 0.003 (<0.001)
Time 3 x Age -0.001 (0.002) 0.003 (<0.001)
Time 4 x Age 20.001 (0.002) 0.005 (<0.001)
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Table 11: Parameter estimates (standard errors) of quality newspaper, social media,
internet.

Effect Quality paper Social media Internet

Intercept J1.805 (0.476) 0.445 (0.308) 0.505 (0.282)
Time 1 20.624  (0.313) -0.658 (0.262) -0.149 (0.245)
Time 2 0.682 (0.337) -0.914 (0.294) -0.521 (0.262)
Time 3 0467 (0.38) -0.84 (0.339) -0.632 (0.300)
Time 4 -0.56 (0.456) -1.257 (0.391) -0.901 (0.308)
Gender: Male -0.158 (0.178)  -0.04 (0.122) 0.084 (0.115)
Large city 0.871 (0.259) 0.523 (0.180) 0.211 (0.157)
Suburbs 0.285 (0.218) 0.184 (0.136) 0.108 (0.124)
Small city 0.127 (0.200) 0.135 (0.127) 0.066 (0.112)
Countryside 20047 (0.339) -0.239 (0.192) 0.089 (0.167)
Age 0.005 (0.007) -0.012 (0.005) -0.002 (0.005)
Student 0.88 (0.360) 0.259 (0.241) -0.165 (0.224)
Permanent disability -0.574 (0.496) -0.047 (0.280) -0.097 (0.261)
Children: No 0.162 (0.171) -0.031 (0.112) 0.147 (0.100)
No parents <60 alive 0.216 (0.205) 0.021 (0.126) 0.010 (0.112)
Perceived income 0.18 (0.068) 0.086 (0.044) -0.053 (0.038)
Time 1 x Gender: Male 0.138 (0.177) 0.024 (0.145) -0.045 (0.141)
Time 2 x Gender: Male  0.51 (0.187) 0.225 (0.158) 0.016 (0.147)
Time 3 x Gender: Male 0.731 (0.216) 0.255 (0.187) 0.156 (0.167)
Time 4 x Gender: Male 0.705 (0.245) 0.269 (0.216) 0.134 (0.178)
Time 1 x Age 0.008 (0.006) 0.007 (0.005) -0.001 (0.005)
Time 2 x Age 0.001 (0.006) 0.007 (0.005) 0.002 (0.005)
Time 3 x Age -0.004 (0.007) 0.003 (0.006) 0.005 (0.006)
Time 4 x Age 20.002 (0.008) 0.007 (0.007) 0.007 (0.006)
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Table 12: Manifest correlations between perceived infectability and usage of social

Media of quality newspapers.

Wave(SNS)
Wave(infect) 0 1 2 3 4
0 041[.040;.042] .033[.032;.034] .028[.027:.020] .024[.022;.025] .018[.016;.020]
1 036[.035:.037] .029[.028:.030] .024[.023:.025] .020[.019:.021] .015[.013:.017]
2 031[.030;.032] .024[.023;.025] .02.0.019;.021] .016[.015;.018] .012[.010;.014]
3 025[.024;.026] .02.0.019:.021] .016[.015:.017] .013[.011;.014] .009[.007;.011]
4 020[.019;.021] .015[.014;.016] .012[.011;.013] .009[.008;.011] .006[.004;.008]

Table 13: Manifest correlations between perceived infectability and internet usage .

Wave(internet)
Wave(infect) 0 1 2 3 4
0 037[.036;.038]  .040[.039;.041] .043[.042;.044] .05.0.049;.052] .053[.051;.055]
1 032[.031;.033]  .036[.035:.037] .041[.04.0.042] .049[.048;.050] .053[.051;.054]
2 026[.025;.028]  .032[.031;.033] .038[.037:.039] .047[.046;.048] .052[.05.0.054]
3 021[.02.0.022]  .028[.027:.029] .035[.034;.036] .045[.043;.046] .051[.049:.053]
4 015[.014;.017]  .024[.022;.025] .032[.03.0.033] .042[.041;.044] .049[.047;.051]

Table 14: Manifest correlations between germ aversion and quality newspaper usage.

Wave(paper)
Wave(germ) 0 1 2 3 4
0 -.009[-.010;-.008]  .004[.003;.005] .015[.014;.016] .025[.024;.027] .035[.033;.037
1 ~.010[-.011-.009] .002[.001;.002]  .012[.011;.013] .021[.020:.023] .030[.028;.032
2 “011[-.012-.010]  -.001[-.002;.000]  .009[.008;.010] .017[.016;.018] .025[.023;.026
3 ~.012[-.013:-.011] -.003[-.004;-.002] .005[.004;.007] .013[.011;.014] .019[.018;.021
4 ~013[.014:-.011]  -.005[-.006-.004] .002[.001;.004] .008[.007:.010] .014[.012;.016
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Table 15: Manifest correlations between germ aversion and usage of social media of
quality newspapers.

Wave(SNS)
Wave(germ) 0 1 2 3 4
0 023[.022;.024]  .019[.018;.020]  .017[.016;.018]  .015[.014:.017]  .012[.01.0.015]
1 012[.011;.013]  .011[.010;.012]  .011[.010;.012]  .011[.010;.013]  .010[.008;.012]
2 .001[.000;0.002]  .003[.002;.004]  .005[.004;.006]  .007[.006;.009]  .008[.006;.010]
3 ~.010[-.011;-.009] -.005[-.006;-.004] .000[-.001;.001]  .003[.002;.005]  .006[.004;.008]
4 ~.020[-.021;-.019] -.012[-.013;-.011] -.006[-.007;-.004] .000[-.002;.001] .004[.002;.006]

Table 16: Manifest correlations between germ aversion and internet usage

Wave(internet)
Wave(germ) 0 1 3 4
0 .037[.036;.038]  .030[.029;.031] .024[.023;.025] .021[.019;.022] .015[.013;.017]
1 032[.031;.033]  .028[.027:.029] .026[.025:.027] .025[.024;.026] .022[.020;.024]
2 027[.026:.028]  .026[.025:.027] .026[.026:.027] .029[.028;.030] .029[.027;.030]
3 021[.02.0.022]  .024[.023;.025] .027[.026:.028] .032[.031;.034] .034[.032;.036]
4 016[.015:.017]  .022[.02.0.023] .027[.026;.028] .035[.034;.037] .040[.038;.042]
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G Vaccination data

7.1 SAS Code

A sample of the data and the code of this section can also be found in the Supple-

mentary materials.

Obs | SurveylD | wave | bereid_of wvac | bereid_of wvac_a | CO_Ouwtcome_Pos | CO_Infection | gender | age_group | region

1 1.00 1 0 ] 12.50 7.50 2 2 | Flanders
2 | 1.00 2 1 1 -1.00 -3.80 2 2 | Flanders
3 1.00 3 1 1 28.50 -13.50 2 2 | Flanders
4 1.00 4 1 1 -T.50 -12.80 z 2 | Flanders
5 1.00 5 1 1 -4.50 4.00 2 2 | Flanders
G 2.00 1 1 1 3.00 31.00 2 2 | Flanders
7 2.00 2 2 2 | Flanders
8 2.00 ] z 2 | Flanders
2| 2.00 4 1 1 3.00 T.00 2 2 | Flanders
10 2.00 5 1 1 -5.00 -10.00 2 2 | Flanders

Figure 6: First ten observations in the dataset

Figure 6 shows the first ten observations in the dataset. In order to analyze the data,
each measurement of each response of each individual had to be on a separate record.

This was done using the following SAS code

data v.final2;

length distvar $11;
length response $11;
length linkvar $11;
length var $11;

set v.final2;
time=wave-1;

response = bereid_of_vac;

var='bereid';

distvar = "Binary";
linkvar = "PROBIT";
output;

response = bereid_of_vac_a;
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var='bereidA';

distvar = "Binary";
linkvar = "PROBIT";
output;

response = co_infection;
var='CI"';

distvar = "Normal";

linkvar = "IDEN";

output;

response = CO_Outcome_Neg;
var='CON';

distvar = "Normal";
linkvar = "IDEN";

output;

run;

In addition, we created separate variables to use later for the random intercept and
randoms slope for each variable. Since the variances of the random effects were
expected to be small, the values were divided by ten. In addition, we created seperate

time indicators for the continuous responses.

data v.final2;

set v.final2;

if var= "CI" then do;
ci_int=1;
ci_t=time/10;

end;

else do;

ci_int=0;

ci_t=0;

end;

if var= "bereidA" then do;
bereidA_int=1;
bereidA_t=time/10;
end;

else do;
bereidA_int=0;
bereidA_t=0;
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end;

if var= "bereid" then do;
bereid_int=1;
bereid_t=time/10;

end;

else do;

bereid_int=0;
bereid_t=0;

end;

if var= "CON" then do;
con_int=1;

con_t=time/10;

end;

else do;
con_int=0;
con_t=0;
end;

run;

data v.final2;

set v.final2;
CITIMECLSS=ci_t*10;
contimeclss=con_t*10;

run;

We then took a random sample, and analyzed each pair of responses separately on
each sample. For the bivariate analysis of a pair of binary responses or a pair of mixed
response types, the analysis was performed in SAS PROC GLIMMIX. The following code

provides an example

proc glimmix data=vac2.sb method=quad(gpoints=5) initglm asycov GRADIENT
HESSIAN SUBGRADIENT=vac2.g_cibb;

class var citimeclss(ref='1') surveyid distvar linkvar age_group(ref='4")
region(ref='Flanders') ;

nloptions maxfunc=10000 maxiter=10000 technique=newrap;

model response(ref='1') = var

citimeclss bereid_int*wave_1 bereid_int*time

var*gender_1 var*age_group var*region



78 Delporte et al.

gender_l*citimeclss age_group*citimeclss region*citimeclss

gender_l*bereid_int*wave_1 age_group*bereid_int*wave_1
region*bereid_int*wave_1

gender_l*bereid_int*time age_group*bereid_int*time region*bereid_int*time

/noint s dist=byobs(distvar) link=byobs(linkvar) solution;

random ci_int ci_t bereid_int bereid_t/type=un subject=surveyID ;

ods output hessian=vac2.h_cibb5 parameterestimates=vac2.parms_cibb
CovParms=vac2.r_cibb;

where ci_int=1 or bereid_int=1;

run;

For a pair of continuous responses, the starting values for the parameter estimates
were obtained via univariate linear mixed models in SAS PROC MIXED. Next, the re-

sponses were jointly analyzed via SAS PROC NLMIXED

proc nlmixed data=v.sb5 gpoints=5 maxiter=10000
maxfunc=100000 technique=newrap hess subgrad=v.g_ciconb;

/*starting values for the parameter estimates*/

parms
/*CON*/

beta201 = 1.0742
beta202 = -1.6482
beta203 = -2.2175
beta204 = 0.01856
beta205 = 0.9816
beta206 = 3.1154
beta207 = -4.7174
beta208 = -1.5571
beta209 = -3.7211
beta210 = -5.3718
beta211 = 2.7919
beta212 = 3.298
beta213 = 1.0026
beta214 = -2.2369
beta21b = -4.1239
beta216 = -3.7082
beta217 = -3.4485
beta218 = 4.852
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beta219 = 0.4306
beta220 = 5.381

beta221 = 8.4258
beta222 = 1.4438
beta223 = 7.1814
beta224 = -0.5756
beta22b = 6.4732
beta226 = 6.1074
beta227 = 3.3694
beta228 = 8.8807
beta229 = -0.3548
beta230 = 2.0902
beta231 = 6.9178
beta232 = 1.0865
beta233 = 2.7396
beta234 = -0.2869
beta235 = 2.2958
beta236 = 3.8862

beta237 = -2.4378
beta238 = 0.8178

beta239 = -0.4347
beta240 = -1.4864

beta241 = 3.6942
beta242 = 1.3872
beta243 = 0.664

beta244 = -0.2b542
beta245 = 2.2136

/*cix/

betall = 9.0346
betal2 = -1.0924
betal3d = -2.6435
betald = 3.9815
betald = -0.09557
betalé = 0.02026
beta21 = 12.6359
beta22 = 2.264

beta23 = 0.2143
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beta24 = 0.6565
beta2b = 4.5365
beta26 = 1.35
beta27 = -0.2102
beta32 = 1.4685
beta33 = 0.8375
beta34d = -2.3893
beta3b = -1.7486
beta36 = -9.9476
beta37 = -4.1605
beta38 = 2.7575
beta39 = 2.1868
betad0 = -2.1077
beta4l = -9.0811
beta42 = -5.3943
betad3 = 1.2656
beta44d = -0.3119
beta4db = 1.5218
betad6 = -7.7712
betad7?7 = -6.8263
betad8 = -1.4169
betad9 = -3.7714
betab0 = -1.7791
betabl = -5.0436
betab2 = -1.9424
betab3 = 0.4107
betab4 = -0.5557
betabb = -5.3334
betab6 = -0.1553
betab7 = 0.6125
betab8 = 2.0198
betab9 = 1.2917
beta60 = -0.9959
beta6l = 0.4817
beta62 = 1.5869

betab3

4.8991
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/*initial random effects estimatesx*/

ri_d=141.39
ris_d=-103.56
rs_d=465.55
rii_ds=41.2709
rsi_ds=-51.4533
ri_s=153.86
ris_ds=-108.01
rss_ds=510.96
ris_s=-115.37
rs_s=777.01
res_d=211.42
res_s=166.11,;

if var='CI' then do;

mean= ul+ u2*ci_t + betall

+ betal2 * wave_2

+ betal3d * wave_3

+ betald * wave_4

+ betalb * wave_b

+ betal6 * gender_1

+ beta2l * age_group_1

+ beta22 *x age_group_2

+ beta23 * age_group_3

+ beta24 * age_group_b

+ beta2b *x age_group_6

+ beta26 * region_brussels

+ beta27 * region_wallonia

+ beta32 * gender_l*wave_2

+ beta33 * gender_l*wave_3

+ beta34 * gender_l*wave_4

+ beta35 * gender_l*wave_b

+ beta36 * age_group_l*wave_2
+ beta37 * age_group_2*wave_2
+ beta38 * age_group_3*wave_2
+ beta39 * age_group_b*wave_2

81
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betad0 * age_group_6*wave_2
beta4l * age_group_l*wave_3
beta42 * age_group_2*wave_3
beta43 * age_group_3*wave_3
beta44d * age_group_b*wave_3
beta4db * age_group_6*wave_3
betad6 * age_group_l*wave_4
betad7 * age_group_2*wave_4
beta4d8 * age_group_3*wave_4
betadd9 * age_group_b*wave_4
betab0 * age_group_6*wave_4
betabl * age_group_l*wave_5
betab2 * age_group_2*wave_5
betab3 * age_group_3*wave_5
betab4 * age_group_b*wave_5
betabb * age_group_6*wave_5
betab6 * region_brussels*wave_2
betab7 * region_wallonia*wave_2
betab8 * region_brussels*wave_3
betab9 * region_wallonia*wave_3
beta60 * region_brussels*wave_4
beta6l * region_walloniax*wave_4

beta62 * region_brussels*wave_5

+ + + + + + o+ o+ o+ o+ o+ o+ o+ o+ o+ o+ o+ o+ o+ o+ + o+ o+

beta63 * region_wallonia*wave_5;

densl = -0.5%1log(3.14159265358) - log(sqrt(res_d))
-0.5%(response-mean) **2/(res_d) ;

11 = densi;

end;

if var='CON' then do;

mean= ub+ ub*con_t + beta201
beta202 * wave_2

beta203 * wave_3

beta204 * wave_4

beta205 * wave_b

beta206 * gender_1
beta207 * age_group_1

+ o+ o+ o+ o+ o+ o+

beta208 * age_group_2
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beta209
beta210
beta211
beta212
beta213
beta214
beta215
beta216
beta217
beta218
beta219
beta220
beta221
beta222
beta223
beta224
beta225
beta226
beta227
beta228
beta229
beta230
beta231
beta232
beta233
beta234
beta235
beta236
beta237
beta238
beta239
beta240
beta241
beta242
beta243
beta244
beta245

+ 4+ + + + + + + o+ o+ o+ + o+ + o+ o+ + o+ o+ + o+ + o+ o+ o+ o+ A+ o+ o+ o+ o+ + o+ o+ o+ o+

dens = -0.5%log(3.14159265358) - log(sqrt(res_s))

*

*

age_group_3
age_group_b
age_group_6
region_brussels
region_wallonia
gender_l*wave_2
gender_l*wave_3
gender_lx*wave_4
gender_l*wave_5
age_group_l*wave_2
age_group_2*wave_2
age_group_3*wave_2
age_group_b*wave_2
age_group_6*wave_2
age_group_l*wave_3
age_group_2*wave_3
age_group_3*wave_3
age_group_5*wave_3
age_group_6*wave_3
age_group_l*wave_4
age_group_2*wave_4
age_group_3*wave_4
age_group_b5*wave_4
age_group_6*wave_4
age_group_l*wave_5
age_group_2*wave_5
age_group_3*wave_5
age_group_b*wave_5
age_group_6*wave_5
region_brussels*wave_2
region_wallonia*wave_2
region_brussels*wave_3
region_wallonia*wave_3
region_brussels*wave_4
region_wallonia*wave_4
region_brussels*wave_b

region_wallonia*wave_5;
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-0.5*(response-mean) **2/ (res_s) ;
11 = dens;

end;

model response”general(1l);

random ul u2 u5 u6 “normal([0,0,0,0],[ri_d, ris_d ,rs_d, rii_ds, rsi_ds,
ri_s, ris_ds, rss_ds, ris_s, rs_s]) subject=surveyid;

ods output hessian=v.h_ciconb parameterestimates=v.parms_ciconb;

where var='CON' or var='CIl';

run;

7.2 Tables

Table 18: Parameter estimates (standard errors) of com-
parative optimism of infection and comparative optimism

of severe outcomes.

January x Male 0.527 (1.941) -0.294

Effect Infection Severe outcomes
Intercept 10.409 (1.773) -0.250  (1.558)
January -0.319 (2.234) -0.213  (1.925)
February -1.619 (2.120) -0.886  (1.872)
March 0.928 (2.270) 0.832  (2.043)
May 0.501 (2.261) 0.564  (2.078)
Male -1.130  (1.549) 0.422  (1.303)
[(Age< 24) 2.679 (3.538) 0.422  (1.303)
1(25 <Age< 34) 0.616 (2.382) 1.558 (1.888)
[(35 <Age< 44) 0.147 (2.396) -0.637  (2.037)
1(55 <Age< 64) 0176 (2412) -0.284  (2.127)
1(65 <Age) 2204 (2.301) 3.741  (2.064)
Brussels capital region -1.402 (3.001) 0.550  (2.265)
Walloon region 1.006 (1.759) 1.131  (1.417)
(1.941) (1.614)
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February x Male 0.385 (1.906) -0.059 (1.619)
Marchx Male 0.458 (1.947) -1.089  (1.692)
May x Male 0.340 (1.998) -0.258  (1.766)

January xI(Age< 24) -0.931 (4.539) -2.316  (3.596)
January x1(25 <Age< 34) -1.842  (2.986) -0.903  (2.440)
January xI(35 <Age< 44) 0.497 (3.007) 1.641  (2.477)
January xI(55 <Age< 64) 0.895 (2.975) 0.827  (2.569)
January xI1(65 <Age) -0.786 (2.861) -0.075  (2.461)
February xI(Age< 24) -0.941 (4.795) 1.220  (3.923)
February x1(25 <Age< 34) -0.754  (2.979) -0.930  (2.487)
February xI(35 <Age< 44) -0.235 (2.940) 1.879  (2.486)
Februaryx1(55 <Age< 64) 1739 (2.869) 1.607  (2.566)
February xI1(65 <Age) -0.757 (2.793) 0.002  (2.417)
MarchxI(Age< 24) -2.209 (4.912) -0.191  (3.597)
Marchx1(25 <Age< 34) 2011 (3.244) 0.053  (2.619)
MarchxI(35 <Age< 44) -1.410 (2.960) 0.597  (2.610)
MarchxI(55 <Age< 64) 20.390 (2.982) 0.083  (2.720)
Marchx1(65 <Age) 2,396 (2.834) -1.769  (2.624)
May xI(Age< 24) S1.098 (4.999) 0.389  (3.978)
Mayx1(25 <Age< 34) 1529 (3.207) -0.323  (2.638)
May xI(35 <Age< 44) 21,093 (3.024)  0.378  (2.736)
Mayx1(55 <Age< 64) 0.408 (3.009) 0.292  (2.859)
May xI(55 <Age< 64) 4566 (2.902) -2.258  (2.646)
January x Brussels capital region ~ 0.301 (3.535) 1.497  (2.876)
January x Walloon region -1.682  (2.262) 0.339  (1.812)
February xBrussels capital region ~ 0.581 (3.410) 1.872  (2.727)
February x Walloon region -0.235 (2.240) 0.225  (1.840)
March x Brussels capital region -1.105 (3.697) 2.662 (2.919)
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March x Walloon region -2.210 (2.249) 0.594  (1.890)
May x Brussels capital region 0.876 (3.780) 2.734  (3.098)
May x Walloon region -0.160 (2.320) 1.020  (1.967)
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Table 17: Parameter estimates(standard errors) of own vaccination hesitancy and
perceived vaccination hesitancy of peers.

Effect Own vaccination hesitancy Vaccination hesitancy peers
Intercept 2.427 (0.461)  0.150 (0.252)
December -1.946 (0.489)  0.366 (0.311)
Time -3.981 (0.503) -1.227 (0.152)
Male 0.042 (0.370) -0.073 (0.218)

I(Age< 24) -0.238 (0.801)  0.198 (0.446)
1(25 <Age< 34) -0.576 (0.590)  0.140 (0.318)
1(35 <Age< 44) -0.035 (0.553)  0.123 (0.334)
1(55 <Age< 64) 0.528 (0.625) -0.021 (0.361)

1(65 <Age) 0.957 (0.643) -0.377 (0.366)
Brussels capital region -1.011 (0.599) 0.329 (0.368)
Walloon region -0.801 (0.423) 0.319 (0.233)
December x Male 0.498 (0.413)  0.309 (0.265)
Timex Male -0.419 (0.346) -0.098 (0.129)
DecemberxI(Age< 24) -0.244 (0.893) -0.567 (0.530)
Decemberx1(25 <Age< 34) 0.157 (0.644) -0.533 (0.395)
December x1(35 <Age< 44) -0.207 (0.610) -0.343 (0.409)
December xI(55 <Age< 64) -0.088 (0.669)  0.245 (0.444)
Decemberx1(65 <Age) 0.044 (0.708)  0.842 (0.435)
TimexI(Age< 24) 0.951 (0.698)  0.368 (0.258)
Timex1(25 <Age< 34) 1.193 (0.567)  0.367 (0.189)
Timex1(35 <Age< 44) 0.469 (0.548)  0.185 (0.193)
TimexI(55 <Age< 64) _1.110 (0.672) -0.324 (0.226)
TimexI(65 <Age) -2.303 (0.639) -0.401 (0.221)
December x Brussels capital region  0.335 (0.678) -0.628 (0.450)
December x Walloon region -0.184 (0.459) -0.871 (0.285)
Timex Brussels capital region 1.886 (0.528)  0.468 (0.209)
Timex Walloon region 2.052 (0.426)  0.579 (0.139)




Delporte et al.

88

[61076€0-1800™-  [610°F€0°]L00-  [080°2€0-1900-  [¥207:920"-]100-  [¢€0 210|600 G
[€10:9€0-]210-  [FT0°:6€0-ITT0-  [STO*€€0™-]600- [1207:920™-]c00-  [9€0 FT0O-TTO" ¥
[60076£0-1GT0-  [010°:8€0"]¥10-  [c10°°¢€0 10~ [0207:220-[700-  [820° ‘51010’ ¢
[800°7%0-]810-  [6007¢F0-]210- [110:6€0°-]¥10- [610°650-]¢00-  [0F0 110 |10 4
[800:670-]T20-  [600:870-]610- [TT0“¥F0"-]L10™- [6107:¢€0-]900-  [€F0 110910’ T

G UoIjuu] ¥ UoTyuLju] ¢ uorjuLuy g uonuojuy [ uonyuoju]  (wstuarydo)esvpy

(uoryueguy )orrA
‘uoryoegur Jo wsturydo sarjeredurod pue siood UOIJUSIUL OUIDDRA U9IMIO( SUOIJR[OIIOD ISOJIURIA 6] O[qR],

sioad uorjusjul uorjeurddeA pue wsiwijdo sarjperedwo) ¢



A Joint Normal-Binary (Probit) Model for High-Dimensio:

(70" F10-710°  [1F0€T0-1F10°  [FOTTO-]9TO"  [€7078007-]LTO°  [¥€07050"-]L00" G
[€€07810°71800"  [¥€0:910]600"  [S€0°FT0O-JOTOT  [LE0TT0-]ET0"  [F€0°:810°]800° i
[920°°€20™-]100"  [9207220-1200"  [820°:020° 700"  [2€09T0-]800°  [$€0°:9T0"-]0TO" ¢
(020 1€0-]900-  [12070€0°-1500-  [620°:820°-]€00-  [Lg07*120-]€00"  [9€07CTO-]TTO" 4
(9107170 -J2T0-  [L10°7:6€0°]110-  [810°L€0-1600-  [¥507820-]c00-  [8€0°:GT0™]TT0" T

G uorjuauy § uoryuoIu] € uorjueuy ¢ uorjuojuy [ uonjuoguy  (wstwrydo)oarpy

(uoryueIuT )oARAN

"SOWIODINO °.I2A3S JO EEEBQQ @>5®H®QSOO pue s1ood UOTIUOIUT 9UIOOBA UM SUOIJRBIA.LIOO ISIITURIN ()G °2[q%],



