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Web Appendix A: Priors

a.

Prior on &.
o ~ Beta(a,;,by;),we set a;; =0.0land b,; =0.09

Prior on Q.

1.0 0.0
Q~1IW(v,,V,). In our computations, we set v, =3.0, V, = (0 0 3 Oj . The

identification issue will be discussed in Appendix B.

Priors on w, £ where X = diag( A,,"--,A,), and o= (o, -, 0.)".

v.V.
A, ~ JZ_J and o, |kj ~N(6j,ij).We set ®, =0, v, =3, V, =1 andA =1.

J

Vi

Priors on a; and p; where a, =(a,;,"--,a,,.), P, =(Py1> "> P ) -

Py ~ IG(v,,V,,) and a; |p,; ~N(§1,%). Weset v, =3, V, =1, a;=0and

T, =1.
Priors on h and V, where h=(h,,---,h,), V, =(V,;,---,V,,) .
— =V, =
V,; ~ IG(v,, V,,) and h; |V, ~N(h,—%). Weset v, =3, V,, =1,h =0 and
Ty
T, =1.
Priors on 0 and V, where 6 =(6,,--,0,) , V, = (Vy,» Vg )
— g V@_] g
Vi ~1G(vy,, V) and 6 |V, ~N(0,T—).We set vy =3,V =1,0=0
0

andt, =1.



We tried different prior settings, and found little substantive differences among them.



Web Appendix B: Full Conditionals and Simulation Algorithm
For facilitating to apply MCMC Algorithm, we firstly define ‘consumer oversight’

variable Dj; for data augmentation as follows:
If y3. >0andy,, =0 ,then D;=1; otherwise, D;=0.
1. Dy | 6’yritJYZitﬂ’Yit’Xlit’XZit’Q
If y,, >0 then P(D; =0 Say;taYZitaVit’Xm’inaQ) =1
If y,, =0 then
P(D, =013, an s Yaits Vies Xpie» X 01 ©2)

_ P(y;t S0|yrit”Yit7X1it7X2it’Q)
OO P(Ya > 01y, VierXis Xgi» Q) + PV SO Y5075 X505 X5 €2)

. Mz\l
where P(y ,;, <Oy i,V X5 X5, Q) = O( ),
21
Q, Q122
Mz\l =X Yo T o) (Y1 — X33 Y1i ) and Vz\l =Q, _Q_
11 11

2. 6| Dit
As mentioned in paper, we consider consumer negligence only wheny,, >0. We
firstly define ® = {i,t; y,, > 0}, then

3D, ~Beta(a; +a;,by; +by), where a; = > D, andb; = > (1-D,).

(i,)e® (i,H)€0

* *
30 Yau|Yaier Yiier 5 Vier X i X o

Ify,, >0, then y;it = Yoit

Ify,, =0, and D;=0 then drawy,, truncated by y,, <0 from N(M Vzu)

212
Ify,, =0, and D;=1 then drawy,, truncated by y,, >0 from NM,;,. Vy,)
Q;,
Qll

Q .
where Mz\l = X0itY 2t +Q_12(YIit — X ¥y ) and Vz\l =Q,, -
1

* *
4 VYoo Yaies € Vieo X i X oy

If y,;, =1 then draw y, truncated by y, >0 from N(M,,,V,,)

122



If y,, =0 then draw y,, truncated by y;, <0 from N(MI‘Z,VI‘Z)

Q, lez
where Ml\z =X Y t ~(Yoie = XY ) and Vl\z =Q, -
Q,, Q,,

50 Yl Vi Yo Q. 5,0,,0,2,,h;,a,,p,
The conditional distribution for the state y, (i=1,---,T) is also multivariate normal.

We draw states recursively as explained in Appendix C.

6. a,,p, |Y11
The full conditional distributions for the mean, a;, and the variance, p;, of initial
states are normal and inverted-gamma distributions, respectively. The conditional
distribution of the jth element is given as follows.

Tan(le _Elj ?

n 1¢ _
py ~ IG(VopI +55V0p1 +E;(Yijl _7j1) + 2, +n)

auT, +ny; Py

9 9
T,+n  T,+n

ay |P1j ~ N(

_ ¢
where 7, = —Zyiﬂ .
0
7. (D,Zh{it,hi,ei,zit
Given v,,h;,z, , the conditional distribution of each element in Wis normal. And

the conditional distribution of A; is inverted Chi-square. Let us define

~

11 Z o
8= : |, D;=|: ,nEZTi—n,
. - )
Ynj Zn
Vi _Oinijl _hij Z;
where y; = : , z,=| : |, and T;is the number of

YiiT, — einij,T, a7 hij
observations for consumer i and n is the total number of consumers in the data set.

Based on the standard results for a multiple regression model, we have



)
vV ) R v.V. +ns
Ai~— withv=v,+0,V=—""——+
X v

v

- ' -1
o, kj~N(wj,kj(Dij+A) )

where ®; = (D'jDj +A)"1(D'j8j +Ao,) and
fis® = (3,-D;®)'(6; -D;®,) +(®, ~®,) A(®; -~ ®,)
8. h,0,|hV,,0,V,.v,,0,z,,%
The conditional distribution of h;and 0, is normal. For each element j, define

X = (1/\/77. yij’t_l/\/?Tj) ,and y; = (v;, —o)jzit)/\/fj , for t=2,---,T.. And also

~ ijt

V, 0
define B;; = (h;;,0;)" andVy; =| Vi |
0

Based on standard results for linear regression model, we have

By ~ N(Ej,(x” X + Vﬁj_l)‘l) where x is a (T;-1)%2 matrix of the stackedx
~i ~1jj

~1ij ~ijt

Bj :(X X +Vﬁj_l)_1()~(ij y +Vﬁj_IBj) and Bj :(Hj 6j)"

~ij~) ~ij
9. h,V,|h,
The conditional distribution of h is normal and that of V,; 1s inverted gamma. For

each element, j,

rhn(mhJ —Hj)z

2(t, +n)

n 1
th ~1G(vy, +55V0h +52(hij _mhj)2 +
o

10. 6,V, |0,
The conditional distribution of 6 is normal and that of Vi 1s inverted gamma. For

each element, j,



Tyn(m, -9,

n 1<
Vi ~IG(vy +—=,V +—E 0. -m, )+
6j ( 00 2 00 2 = ( ij 9‘1) 2(’[9 +n)

0,1y + myn Vv,

ej|Vej ~N( )
T, +N T, tN

1 n
where m, = H;GU .

11. Q

* *
Vit Y aie» Xiit> X 2ie» Viie > ¥ 2it
First, we ignore the identification issue. The conditional distribution of Q is inverted

Wishart,

Q_I‘YTit > Y;t Xy X Vi Yo ~ WNH VG, (Vg +8) ™),
where N = ZH:Ti ,S=>ee), €, = [y*“‘ X ]
il it Yaie = X2it Y it
We draw from the inverted Wishart distribution without imposing any restriction on
it. Next, we solve the identification problem by adopting the method suggested by
Edwards and Allenby (2003). Basically, we transform the draws from the unrestricted

distributions into an identified parameter space. Consider a draw of the unrestricted

distribution, Q:
Q — (Qll QlZ j )
Q21 QZZ
Define A and A as follows:

A =diag / ,1],and A:diag(/ ,...,/ ,1,...,1},
( \/Qn \]Qn \/Qn

where A is a diagonal matrix of dimension k;+k, with the first k; elements being all

%/Q_ and the next k, elements being all 1. i.e.,
11
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In each step of the iteration, we transform the unrestricted draws as follows:

~

i = Avy

2

~

@)

= AQA

0 =Ao

T = AZA

We use the transformed draws for inferences, i.e., ¥, , Q, O,

0.
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Web Appendix C: Simulating States
In simplifying our presentation of the simulation procedure, we define some additional
parameters and variables. In this section, all expressions are for one consumer, so we

drop the subscript i for expositional simplicity.

) X, O
Define y, E{yf],xt E( ! ], Yy, = (Y“J €, = (g“j,and m, =z, +h;. Our
Yot 0 x, Y2t €y

model can be rewritten as:

Yy, =X,Y, +€, Y, =0y, +m +&,

wheree, ~11dN(0,X,),&, ~ iidN(O,Z&), t=1,...T.

Now, our model is a standard state space model. There are many studies on the procedure
of drawing from the conditional distribution of a state vector given observations
y,»t=1---,T. We use the method by Durbin and Koopman (2001b) as it is simple and
computationally efficient. The basic idea is as follows. Definea = E(y,,---,7; |y1, “Yr)
and W = var(y,,--, v, |y1 ,+*, ¥ ) . In a multivariate normal distribution, the conditional

variance-covariance matrix of a vector conditional on the second vector does not depend
on the value of the second vector. It depends only on the variance-covariance matrix of
the second vector. That is, W does not depend upon the value of y. That is, the
conditional variance covariance matrix of the state W is the same as long as the sets of
observations come from the same distribution. If we can calculate the conditional mean

of the states, the process of drawing y,,---,7; is straightforward as their variance does

not depend upon the value of'y.
1. Draw a random vector (€,() from the normal distribution given above and use it to
generate Y and y" iteratively conditional on x and m using the initial state draw
from N(a,,p,).

2. Compute a = E(y|y), a" =E(y"|y") using the filtering and smoothing algorithm

discussed below.

3. The random draw of the state is givenby y=7" —a" +a.



Now we discuss how to calculate the conditional mean of the state, i.e., a = E(y|y) and

a" =E(y"

y"). According to Durbin and Koopman (2001a), we can derive this

conditional mean as follows based on the usual Kalmam filtering algorithm.

Definea, = E(y, |y1,---yt_1) and p, = var(y, |y1,- --,y,) - By applying Kalman filtering, we
get

v,=y,—-xa, ,F =xPx +2_, K, =0PxF" L =0-Kx

a, =0a +K v +m

P, =0PL +2,.

t+1°

We also need to prepare another variable by backwards recursion. Compute the values c;

recursively as follows:

— — v'E! ’
¢, =0,c_,=xF v,+Lc

t=T-1,...,1.

to
Finally, we can get the conditional mean of the states:
a,=a +Pc,, a,,=03a +Xc

t+1

The proofs for the above procedure are provided in Anderson and Moore (1979) and

Durbin and Koopman (2001a).

References are available from the authors on request.



