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Overview and approaches
S

e Ordinal or dichotomous dependent variable
e If covariate available, straightforward probit

y* =a1 +a2851 +€  e~N(0,1)

y=1(y* = 0)



Overview and approaches
S

e Only proxy covariate ( X1 ) available

X1 251 —|—51

51:X1_51 y*=a1+a2§1+e

V' =1 +ayX1 —a01 +€



Overview and approaches

e Path diagram of equations
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Overview and approaches
S

e Problems with usual probit regression
V¥ = a1 + 02Xy — @201 +€
V(~a,6,+&)=aN (5,)+V () Notequal to 1
C(01,X1) #0

Pim (@) + a



Overview and approaches
S

e Approaches
- Simulation extrapolation (e.g., Carroll et al., 1996)

- Regression calibration (e.g., Carroll and
Stefanski, 1990; Gleser, 1990)

- Known reliability of covariate
- Instrumental variable estimator
- Above approximately consistent



Problem of Instrumental Variable (1V)
approach

e Suppose we have IV Xz correlated with ¢
iIndependent of 5, and .

e Form Xy = B+ Boxy

and y* = +a2)21 +U u=a2(X1—)21)—a251 + €
- X7and U uncorrelated (solves one
problem)
BUT V) =V + ag[ V(EDV(X,) — C2(E1,X2) }
V(X2)

Not equal to 1, so inconsistent estimator



A Consistent IV Estimator
«_ _ ]

e Generalize to multiple covariates, proxies,

IVs: y* = a1 +o,E+ ¢
X =&+ 0,
Zze R s

e Usual IV estimator to predict covariates

B, =22, B =1, — LM,



A Consistent IV Estimator
«_ _ ]

Define
u=§&-p, —B,z

|mp|IeS §:ﬂ1+ﬂéz+u

Substitute Iinto ,
V¥ =a; +a,§+ ¢,

Leading to
Y =71 +Y,2+V,



A Consistent IV Estimator
«_ _ ]

Y =71 +Y,2+V,

where yi1=m +(1,2Bl % =0, V=g+oU
Apply probit to equation at top: 71 =Y1/0v  , =7,/ov

o = |\/|y2 = a\,l\/I'T(2 where M = (Exzzzx)_lzxzzzz



A Consistent IV Estimator
«_ _ ]

e \We show that

-1
0% = (1+7,Z0, - | 147,24, [;MZolo)

where 0=gld ()]

~ / ~ = v
01 = OvY1 —GVB1 M'Yz ) GVMYZ



Asymptotic covariance matrix
|

e Use delta method: JAG@—a) 5 NO,62ABA)

~

B usual asymp. cov. matrix of MLE ¥

A_ [ 1 BiM+F1—BM7,)Dloy
0 M + M¥,D/o\

1 [~ ———2,M I My,
D=- 3 ZYZZZZ _[\/1_'_ YZZZZYZ ] 7 ~2, & —
20, P (P\/ I+v,2,7,

Y



SIMULATION

Model
V*=a+ g+ po,t fio;t ¢

&E~N(0,1), 1=1,2,3, <£~N(,1)
where o =0, B, = S, = B; =1/sqrt(3),
and £and &’s are independent.

Hence model CD = 0.5



SIMULATION

Fallible measures of the &’s
xi=&+o, 1=1,2,3.

Instrumental variables

=¢,+tg, 1=12
Zi=co,t g, 1=3,4
Zi= g3t &, 1=4,5

g’s and o’s mutually independent, N(O, 1),
and independent of £’s and (.



SIMULATION

Bias 1000

B, =/ —+/3/3 where B :Z,Bij /1000
|=1

J
Mean Bias gzi—_ /3

MC Standard Error
owc(B)=[y(I 2,1)/9]/+1000




SIMULATION

3 latent predictors; model CD =0.5; 3 indicators per latent predictor;
CD = 0.5 for each indicator; 2 IV’'s per latent predictor.

Sample Size _ _ Bias Detected?
(N) B ouc(B) | 181> 20,c(B)
100 5.3% 1.5% Yes
200 3.2% 0.8% Yes
500 1.6% 0.5% Yes
1000 0.3% 0.3% No

Mean bias for intercept undetectable even for N = 100



Conclusions
« 007

Consistent IV estimator possible
-~ No need to settle for “approximately consistent”

Asymptotic covariance matrix presented
Simulation illustration shows maximum finite sample

bias at small N (=100, 5%) and minimum at large N
(=1000, 0.3%)

Simulations under broader range of conditions &
comparison to other estimators needed
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