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Abstract

This paper presents a new model of the birth process of Native Americans with seven en-
dogenous variables: four birth inputs maternal smoking (S), drinking (D), prenatal care (PC),
and weight gain (WG), and three birth outputs gestational age (G), birth length (BL), and
birth weight (BW). The model is a seven-equation simultaneous model with three endogenous
dummies S, D, and PC. The data are taken from the National Longitudinal Survey of Youth
(NLSY). We find that the four birth inputs are determined jointly and dependently among S,
D, and PC, but independently of WG. S has negative systematic correlation with G. D and PC
appear to have no sizeable systematic effect on G, BL, or BW. Except for the sizeable and
positive correlation between the unexplained parts of S and G, there seem to be no unexplained
common effects between the birth inputs and outputs. Moreover, G appears dependent on the
exogenous size of the mother. BL is affected by the inputs mainly through WG. BW is affected
by the inputs through their effects on G. Except for maternal weight, there is little correlation
between the remaining exogenous variables and BW. Finally, the predictive density of BW for
a typical pregnancy gives a mean weight of 3.240 kg.
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1. Introduction

This paper is the first of a series by us (Li and Poirier, 2000, 2001a, b, 2002)
analyzing birth weight (BW) and related birth outcomes. The model has its origins
in Poirier (1998) and we extend the estimation procedures discussed in Chib and
Greenberg (1998) and Li (1996, 1998).

BW is probably the single most important indicator of infant health (Institute of
Health, 1985). It is also a significant predictor of infant mortality, morbidity, coronary
heart disease, and learning disabilities later in life (Poirier, 1998). The vast majority
of studies on BW, particularly in the biomedical literature are single-equation models
that ignore the simultaneity issues, a notable exception is Permutt and Hebel (1989).
An important contribution of this study is to address the simultaneity issue head on.

Our new model for the birth process is a nonlinear simultaneous equations model
with the following features: (1) triangular coefficients of endogenous variables matrix,
(2) mixed unlimited and limited (dichotomous) dependent variables, (3) zero restric-
tions on elements of both coefficients of endogenous variables matrix and coefficients
of exogenous variables matrix, and (4) normal residuals. Existing work with a Bayesian
orientation sharing some of these features are Chib and Greenberg (1998) and Li (1996,
1998). Chib and Greenberg (1998) concerns multivariate probit models. As in Chib and
Greenberg (1998), diagonal elements of the variance—covariance matrix corresponding
to dichotomous dependent variables are restricted to be unity and the Metropolis update
(Chib and Greenberg, 1995) we take in this paper for each block of the variance—
covariance matrix is essentially the same as Chib and Greenberg (1998). The model in
Li (1996, 1998) has features of (1) and (4), and limited dependent variables (mixed
dichotomous and censored).

The paper proceeds as follows. In Section 2 we introduce the data. In Section 3 we
discuss our modeling framework and the prior distribution. We present computational
details in Section 4 and report empirical results in Section 5. Some concluding remarks
are offered in Section 6.

2. Data

The data we explore is the National Longitudinal Survey of Youth (NLSY). We
focus on the experience of Native American women in the NLSY when they be-
came mothers and on the birth of their children. We choose to analyze only singleton
first-born live births, leaving aside sample selection problems arising from parity con-
siderations (infants that are not first-born) and abortions. We drop births to Native
American women in the military, births to Native American women no longer living
in the U.S., and births with missing data. This leaves 81 singleton first-born live births
to Native American women between 1979 and 1994 in the NLSY.

We work with seven endogenous variables: four birth inputs maternal smoking (S),
maternal drinking (D), first trimester prenatal care (PC), and maternal weight gain
(WG), and three birth outputs gestational age (G), birth length (BL), and birth weight
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Table 1

Descriptive statistics: mean (std. dev. in mean) of endogenous variables

z1=8 = 1 if mother smoked during pregnancy 0.4198 (0.0552)
= 0 otherwise

z3=D = 1 if mother drank alcohol during pregnancy 0.4198 (0.0552)
= 0 otherwise

z3 =PC = 1 if prenatal care started in first trimester 0.8395 (0.0410)
= 0 otherwise

z4 = WG Weight gain net of BW in kg 12.06 (0.8188)

z5=G Gestation in weeks 39.11 (0.2908)

zg =BL Birth length in cm 51.33 (0.3270)

z7 =BW Birth weight in kg 3.347 (0.0751)

(BW). Our analysis conditions on 24 exogenous variables.! Our choice of exogenous

(conditioning) variables is guided by the existing literature. Variable x; is the intercept
term. Variables x,—x¢ cover basic physical characteristics (the gender of the infant,
and the age and size of the mother) which we expect to be very important in the
birth output equations.? Variables x;—x;; capture regional and temporal effects plus
the intelligence and family income of the mother. We expect these variables to be
important in the input equations, but hopefully not in the biologically based output
equations. Variables xj,—xy4 capture health insurance status, a variety of socioeconomic
measures of the mother’s family background, and four price indices. We expect these
last 13 variables to be important only in the birth input equations. Means and standard
deviations for all variables are given in Table 1 (endogenous variables denoted z) and
Table 2 (exogenous variables denoted x).

3. Modeling
3.1. Modeling strategy

A priority for us is addressing simultaneity (i.e., endogeneity) of these birth input and
output variables. The vast majority of studies on BW, particularly in the biomedical
literature, are single-equation models that ignore simultaneity issues, except Permutt
and Hebel (1989). When simultaneity issues are ignored, questions regarding the effects
on endogenous variables z of changing exogenous variables x, assume an unresponsive
mother who does not respond intelligently to changes in her environment. For example,
suppose a component in x measures access to prenatal care. The meaningful answer
to what is the effect on BW of changing this access requires a framework that allows

! The appendices in Li and Poirier (2000) contain a more detailed description of the variables involved.
21n this paper, we are not trying to explain fertility or the mother’s pregnancy. Hence, variables like
maternal age (x3) are properly treated as exogenous in our analysis.
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Table 2
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Descriptive statistics: mean (std. dev. in mean) of exogenous variables

X Constant 1.000 (0.0000)
X2 Male child 0.4815 (0.0559)
X3 Mother’s age —23 yr. —0.4198 (0.4749)
X4 Body mass index (weight in kg/[height in m]?) —24 0.3689 (0.5572)
X5 Maternal height —162 (cm) 0.9363 (0.7211)
X6 Maternal weight —63 (kg) 1.798 (1.591)
X7 South 0.5926 (0.0549)
X3 West 0.1852 (0.0434)
X9 Calendar time —(19)85 —1.210 (0.4574)
X10 (AFQT score/mean of NLSY women of same age) —1 0.0361 (0.0755)
X11 Household income in $1000 —25 —3.682 (1.951)
X12 No health insurance available 0.6914 (0.0516)
X13 Missing health insurance availability 0.5309 (0.0558)
X14 Number of adults in household —2 0.2716 (0.1069)
X15 Number of quarters worked during pregnancy —3 —0.6296 (0.1614)
X16 Number of maternal siblings —4 —0.3086 (0.2610)
X17 Grandmother’s education —12 yr. —1.222 (0.2961)
X138 Not being on time in school at age 14 0.1605 (0.0410)
X19 Non-urban at age 14 0.2840 (0.0504)
X20 No employed male in household at age 14 0.2469 (0.0482)
X1 Cigarette price index —0.0856 (0.0488)
X220 Alcohol price index —0.0502 (0.0203)
X23 Medical services price index —0.0839 (0.0394)
X24 Food price index —0.0488 (0.0200)

the mother to adjust the PC she employs. The standard BW regression, which contains
measures of both the PC and access variables, is not designed to answer such questions.

While we draw upon the economics literature in our modeling, we do not invoke
a formal optimization approach for the mother’s decision making. We specify reduced
form equations for the four inputs (see (1) below), and then a triangular specification
(see (2)—(4) below) in which G (zs) depends on the four inputs (z;—z4), and together
BL (z¢) and BW (z7) have a bivariate relationship depending on the four inputs and
G. Our specification is overidentified and yields a fairly simple specification for all
three output equations.

Following the strategy outlined in Poirier (1995, Chapter 10), we have chosen our
initial model in the anticipation that a larger, more complicated one is not required.
Of course there are many ways we could extend our initial model. One obvious way
is to test some of the overidentifying restrictions that are a prerequisite for inter-
preting our model structurally. If our birth outcome production function reflects a
biological transformation from birth inputs into birth outputs, then it should remain
invariant over time (xg) and not differ according to mothers’ geographical region (x7,
xg), AFQT score (x10), or family income (x;;). Our prior in Section 3.3 reflects this
viewpoint.

We now describe in detail our parametric view of the world.
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3.2. An econometric window

Consider a sample of T independent singleton first-born live births indexed by the
subscript i. Let y} =[S7,Df,PC;] (i=1,2,...,T) denote latent variables underlying
the binary birth inputs y;; = [S;, D;, PC;]" = [1(S7), 1(D;), 1(PCH)] (i = 1,2,...,T),
where 1(e) denotes an indicator function which equals unity if the argument is positive
and equals zero otherwise. For estimation, we partition the endogenous variables into
inputs Zi and outputs Zip . Zi*l = [S;‘,D;‘,PC;F,WGI‘]/, zZj1 = [Si,Dl', PC,‘,WG,‘],, Zpp =
[G;,BL;,BW;]' (i=1,2,...,T). Stacking observations gives the data matrices: Z =
[ZTPZ;U cen ,Z;l]l, Z] = [211,221, e ,ZT]]/, Zz = [212,222, e ,ZT2]/, and Z = [Z],Zz]/. Let
x; (i=1,2,...,T) denote K x 1 (K=24) vectors of exogenous variables that are stacked
into the T x K matrix X = [x1,x2,...,x7].

For birth 7, suppose the four inputs are generated by

zi = A'x; + e, (1)

where A =[A4s, Ap, Apc, Awg] 1s an unrestricted K x 4 matrix of unknown parameters.
The three birth outputs are generated by

zply =2[\ Tt +xj 43 + &, (2)

where & = [&l},¢,,] |xi ~ iid. N7(07,2) (i=1,2,...,T),

Vs.G 7S,BL 7s,BW
VYD,G ¥YD,BL YD,BW
I = =[y¢ 7vBL VBW] (3)
YPC,G YPC,BL YpC,BW

| YWG,G  YWG,BL  YWG,BW

1 —y6BL  —7Y6BW
=10 1 0 , (4)
0 o 1
[ 66 s dew |
d56 OsBL 0
Ay = | 6.6 0 d6.BW | > (5)

Adec  AspL  diBw
013 013 013
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06 = [01,6,02,6,93,6,04,6)'s OpL = [01,8L,02,BL, 03,81, 04,8L] s OBw = [J1,BW,02,BwW,3,BwW,
54’Bw]l, A*,j = [57,j, ...,511’1']/ (] = G, BL, and BW), and

[ 1 Gs,p as,pC oswG | 0sG 0s,BL OsBW |
gs,p 1 ap,pC opWG | OpgG Op,BL 0D,BW
Os,pC  OD,WG 1 opcwWG | Opc,G OPCBL  OPCBW
5 OSWG OD,WG OPC,WG WG | OwG.G OWGBL OWG,BW
0s,G 0D,G OPC,G OWG,G | Ué 0G,BL 0G,BW
OsBL OpBL OPCBL OWGBL | OGBL ohL OBL.BW
| 6sBw  ODBW OPCBW OWGBW | OGBW  OBLBW Uéw J
B (21 Zn ©)
B 12, 2» .

The specification in (1)—(6) reflects a view of the world that postulates a reduced
form for the four inputs (S, D, PC, and WG), and a triangular view of the three outputs
(G, BL, and BW) in which G is determined by the four inputs, and BL and BW are
jointly determined as functions of the four inputs and G. The three output equations
are identified by zero restrictions on maternal weight (x¢) in the BL equation, and on
maternal height (xs) in the BW equation. The model is not recursive because 2 is
permitted to be nondiagonal. The model is nonlinear because of the jointly determined
dummy endogenous variables (S, D, and PC). The specification of numerous zero
restrictions on 4, in (5) ensures that the order condition for identification is satisfied.
We expect that we will not reject the maintained hypothesis 4, : 4, =4+ pL=4+ 3w =
0s in favor of the alternative Hp : 4. ¢ # 0s or 4, gL # 05 or 4, gw # Os.

Let 0 denote the unique unknown elements in I'y, I';, 4, and X, and ® denote the
permissible parameter space. Let ¢, (e|e, o) denote an m-dimensional normal density
with given mean vector and covariance. Because the conditional density of &, given ¢g;
is f(a,-2|£l-1,Z):go3(s,-2|2’1221_116,-1,22“ ), where X =25 72’1221_11212, it follows using
change-of-variable techniques, and noting from (2) that the Jacobian of the transforma-
tion from ¢, to z, is unity due to the triangularity of I',, the conditional distribution
of the outputs z;; given the inputs z}; is

f(zalzh,xi,0) = 3(Tyzin — Tz — Abxi| 20,251z — A1x), 251)
= @3(zn|u + 2127, (2 — A1x:), Zop1 ), @)
where under the maintained hypothesis H.,:

i = pilzin, G xi, 01 =10 968.Gi 76.8wGil + Iizi + A5x; = Wi o, (®)
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Wi 1s the 3 x 30 matrix
zy x' x5 oxe 00y 0 0 0 03 0, O
Wio=10; 0 0 0 G z; x' xs 0 0, 0 01, Y
0, 0} 0 0 0 0, 04 0 G z;; x' xe
x;k = [xils Xi2, Xi3, xi4]/7

and

B2 =[G 05 5.6 06,G» VG, BLs YBL»> OBL» 05,BLs VG,BW> Yiw» Ow» 06, BW |- (10)

Combining the conditional density (7) with the marginal density ¢a(z}|4{,211), and
using properties of the multivariate normal density, it follows that the joint density of
z}; and zp is

F(Zhziolxi 0) = @a(z) | A1xi, 2113zl + ZHE0E — 45x0) Zap)
zj)
=¢7 s 2| (11)
Zi2

B=1B. 551, B =vee(4dr) (12)

where w; = W;p,

and

(13)

L ®x;  Osx30
0396 Wi

is 7 x 126. Note that (11) does not imply z}; and z;, are multivariate normal because
Ui depends on elements in z;; (through z;;) and in z;;. Under the alternative hypothesis
Hyu, 15 additional columns are added to Wj, and 4, ; (j=G, BL, and BW) are added
to ,32.

Given the observed y;; = [S;, D;,PC;], define the lower and upper integration limits

-0 if §;=0 _ —xids if ;=0
as = , _ , s, = , , (14)
—xl-AS if Sl' =1 o0 if S,' =1
—00 if Di =0 _ —)CI{AD if D,' =0
ap, = , , ) D= , ) (15)
—x;A4p if D;=1 00 if D;=1
—00 if PC, =0 _ —X;APC if PC, =0
ar, =4 . e, = , . (16)
—x;dpc if PC; =1 00 if PC;=1
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Then the joint density for all seven observed endogenous variables is

as; ap; dpc;
f(zilaZiZ |xi, 9) = / / / f(zi*l,zi2|xl-, 9) dPC;del*dSl*
as; ap; apc;

as; ap; apc;
x| 4/
=/ / / Pa(z}i | A1xi Z11)
as; ap; apc;

+ 03(zn|un 2,21 (2 — A1x;), 251)) dPCF D} dS; (17)

Assuming independent sampling, we view the observed data, under H,, through a
126 + 25 (unknown elements in X) = 151-dimensional parametric window given by
likelihood

T
20, 2.%) = [ fGan.zi2lxi, 0), (18)
i=1

3.3. Our family of prior distributions

Our intention is to provide a public prior, i.e., a prior that captures other researchers’
interests and permits them to reweight our Markov-chain Monte-Carlo (MCMC) simu-
lations to obtain results corresponding to more tightly articulated prior beliefs (Geweke,
1999). Our prior is proper, but moderately diffuse. Our reading of the existing literature
suggests the following broad properties will capture a bevy of researchers’ professional
opinions as well as ours.

We center our prior over a diagonal specification for X which is implicitly advo-
cated in the biomedical literature that focuses on single-equation techniques. Due to
the presence of three probit regressions in our system, the standard Wishart prior on
the inverse of X is not appropriate and the natural conjugacy between the prior and
likelihood breaks down.3 For estimation, we partition the 25 unknown elements of X
into eight blocks:

s1=[05.p,0spc,0p,pc]’s (19)
52 = [05,WG> 05,65 05,BL 05,BW> 0D, WG» 00,61 » (20)

3 An identification problem arises in our simultaneous equations model with multiple probits as any scale
shift will not change the observed choices in the first three binary equations. One solution, which is imple-
mented in this paper, is to only sample the identified elements in the variance—covariance matrix using the
Metropolis—Hastings update suggested by Chib and Greenberg (1998). An alternative is to follow McCulloch
and Rossi (1994) by adopting the standard Wishart prior for the variance—covariance matrix 2. To reflect the
fact that the vast majority of studies on birth outcomes are single-equation models that ignore simultaneity
issues, we employ a fairly diffuse inverted Wishart prior with 20 degrees of freedom and centered over a
diagonal matrix with diagonal elements: 1, 1, 1, 64, 4, 4, 0.01. Then we compute the full posterior over
p and X and simply report the marginal posterior distribution of the identified parameters, e.g., 45/05 and
error correlation coefficients for the first three equations. We find posterior results from these two different
priors on the variance—covariance matrix are not materially different.
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/
§3 = [GD,BLa 0Dp,BW> OPC,WG> OPC,G> OPC,BL> GPC,BW] s (21)
/
54 = [0wG,G> OWG,BL> OWG,BW» OG,BL> 0G,BW> OBL,BW] » (22)
2 2 2 2
S5 =0Owg, S6=0¢G, S7=0pL, S8=O0pw- (23)

The joint prior specification for the eight blocks is [using the notation of Poirier (1995,
p. 111 (e)):

4
F(2)=03(5105.13) | [ [ 6(5106.926) | f16(s55]2.5,0.01) f16(s6]2.5.0.08)
j=2

X f16(57/2.5,0.08) f1(s5[2.5.2). (24)

and there is truncation of the above prior density to the set of positive definite matrices.

We put most effort into eliciting our prior beliefs about a mother “type” defined
by the way we center the exogenous variables. The case in which all elements of x
other than x; are zero describes the generic mother corresponding to the intercept in
each equation. Our choice of centering is described in Table 2. For the reduced-form
S*, D*, PC*, and WG equations, the intercept corresponds to a north-central female
birth in January 1985 to a 23-year-old mother, having access to health insurance, living
with another adult, with a household income of $25,000, with body mass of 24 based
on a height of 162 cm and a weight of 63 kg, who worked three of the four quarters
in the year before giving birth, with four siblings, with mean AFQT score of other
23-year-old women in the NLSY, who was on-time in school (within one grade) in
an urban household with an employed male at age 14, whose mother (the maternal
grandmother) completed 12 years of education, and facing prices for cigarette, alcohol,
medical services, and food at their 1984 levels. It corresponds to a mother for whom
we would expect a favorable birth outcome. We express relatively informative priors
for these intercepts.

Regarding the effects of birth inputs on birth outputs, there is substantial support that
smoking (S) has negative consequences on birth outputs, particularly on gestation (G)
and BW. The effect of drinking (D) on birth outputs is less clear and may even be
positive, e.g., Meis et al. (1998). The effect of prenatal care (PC) on birth outputs is
less obvious due to sample selection effects, e.g., Shiono and Behrman (1995), but we
believe PC may be helpful for BW. We also believe weight gain (WG) and G have
positive effects on birth length (BL) and BW. Our beliefs about the remaining effects
of endogenous input variables on other endogenous output variables are fairly diffuse
and centered over zero.

Among exogenous variables, we believe, ceteris paribus, male infants (x;) are slightly
longer and heavier than females; calendar time (x9) has a slightly negative effect on
S and D, a slightly positive effect on PC, and a very uncertain positive effect on
WG. AFQT score (x19) has a moderately negative effect on S and D, and a mod-
erately positive effect on PC and WG. Grandmother’s education (x;7) has a slightly
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Table 3

Prior means (standard deviations) of I'} and I, under both H, and Hpa: E=1

Endogenous variable j V.G 7j,BL 7j,BW

S —1.000 0.0000 —0.3500
(2¢'2) (3¢'2) (&)

D 0.0000 0.0000 0.0000
(2877 (3¢%) (€"?)

PC 0.0000 0.0000 0.1000
(2¢'2) (3¢'2) (&)

WG 0.0000 0.1000 0.1000
(2877 (3¢V%) (€"?)

G —1.000 0.0500 0.0100
(0.0000) ") (&)

negative effect on S and D, and a positive effect on PC and WG. Finally, not being
on-time in school at age 14 (x;3) has a positive effect on S and D, and a negative
effect on PC and WG. The effects of all other exogenous variables on the remaining
endogenous variables are centered over zero with fairly wide standard errors.

For the unknown elements of I'y in (3) and of I'; in (4), we assume independent
univariate normal priors with means and standard deviations given in Table 3, where ¢
is a hyperparameter. We initially set £ =1, and then change it as part of a sensitivity
analysis in Section 5.6.

The exogenous variables x7—x;4 play the role of instruments in birth output equations
where they are subject to dogmatic zero restrictions satisfying the order condition for
overidentification. Our priors reflect this instrument role. Specifically, we believe cal-
endar time (xo ;), AFQT score (xi9,;), grandmother’s education (x;7,;), and not being
on-time in school at age 14 (x5 ;) serve as particularly good instruments, so the nonzero
prior means (—0.2,—1,—0.5,0.6; or 0.2,1,0.5,—0.6) for the coefficients of these vari-
ables imply substantial mass away from the point 04 at which the rank condition fails
(j=S,D,PC, and WG). The other variables among x;—x,4 also serve as instruments
in subsequent equations, but we are less certain of their reliability as instruments, and
so their prior means of zero fail the rank condition.

For the unknown elements in 4, we assume normal priors with means and standard
deviations given in Table 4, where ®; and w, are hyperparameters initially set to
w; =0.1936 (w}/ - 0.44) and w,; =9. For the mother described by the intercept, the

prior probability of smoking is 0.50, and with a standard deviation wi/ 2 =0.44 so that
within one standard deviation of the mean the probability of smoking is between 0.33
and 0.67. Note the prior is structured so that the same probabilities hold across regions,
regardless of the gender of the child or the availability of health insurance. Identical
results are asserted for the priors of the D and PC equations.

All these beliefs are held independently across the unknown parameters in I'j, I,
A4, and X, except that beliefs across regions of the country which are exchangeable
within each equation, i.e., the coefficients of these variables are equally correlated with
covariance ;.
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As noted in Section 3.2, we choose a highly overidentified specification for our main-
tained hypothesis H,, and a less restricted specification Hx as an alternate hypothesis
that we expect will not lead to rejecting H,. Under both H, and Ha, our priors for
all parameters in the birth input equations are the same.

4. Computation

Given that there are three Probit equations in our simultaneous equations model, it
is computationally intensive to evaluate the likelihood function (18), so we work with
the joint posterior distribution of both the parameters and the latent data Y;* conditional
on the observed data. Some earlier applications of this technique can be found in Chib
(1992) on Tobit models and Albert and Chib (1993) on binary and polychotomous
response data. From Bayes theorem, the augmented posterior is

FB2 YT ZX) o f(B,2)f(Y]'| B, 2, Z.X) L (P, 2, Z,X). (25)

The Markov-chain sampling scheme can be constructed from the distributions
fYEP.2,2,X), f(BIZ, Y], Z,X), and f(Z|f, Y}, Z,X). More specifically, in the first
block, we sample the latent data Y* by applying the method developed in Geweke
(1991); in the second block, the conditional distribution of f is multivariate normal,
from which it is easy to draw variates directly; and finally, in the third block, we
sample elements of the variance—covariance matrix X using the Metropolis update, see
Chib and Greenberg (1995) for an overview.

Let g(2T|X,B,Y,Z,X) denote a proposal density that generates candidate values
>t given the current value X. The choice of the proposal density is given later. The
Metropolis update works in the following two steps:

(i) Sample a draw Xt given X from the proposal density ¢(Zt|Z, B, Y}, Z X).
(ii) Move to XT with probability

p(z, 2 =

, (f(ff)f(Yl*lﬂ,ZT,ZX)ff(ﬂ,ZT;Z,X)l(ZTEC)Q(leT,ﬂ,Yf‘,Z»X) )
" JO SR 2 ZX)L(B, 2, Z, X)X € C)g(2T 2, B, Y. Z,X) 7 )7

(26)
and stay at X~ with probability 1 — p(Z,ZT).

Note that because the positive definiteness constraint on the variance—covariance
matrix 1(ZT € C) is part of the target density, the proposal density ¢ is not truncated
to C. Thus, if Xt is not positive definite, the conditional posterior is zero, and the
proposal value is rejected with certainty, i.e., without having to evaluate the prior and
the likelihood, we stay at state X.

In our empirical application, there are 25 unknown elements in 2. Thus, it can be a
challenging task to search for a suitable candidate-generating density. Following Chib
and Greenberg (1998), we partition 2 into blocks (19)—(23) and adopt the random walk
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chain to generate proposal values in sequence through the various blocks. In particular,
we use a multivariate normal candidate-generating density for the off-diagonal blocks
of 2 (19)—~(22), and a univariate normal density for the diagonal elements of X (23).
The mean of the normal is given by the previous draw and the variance is calibrated
so that the acceptance probability is reasonable. See Chib and Greenberg (1995) for
some rough guidelines on choices of the variance matrices used in the random walk
chains, and Li and Poirier (2000) for further implementation details.

To obtain the posterior estimates of model parameters, we take a run of 100,000
replications from our MCMC algorithm and discard the initial 20,000 to mitigate the
startup effect. Preliminary runs are used to calibrate the variance matrices for our
normal candidate generating densities used in the Metropolis update. We use a plot
of all MCMC draws and the Convergence Diagnostic and Output Analysis software
(Cowles and Carlin, 1996) to ensure convergence.

In the paper, we also consider the question of comparing different simultaneous equa-
tions models of the birth inputs and outputs, for example, one benchmark specification
is that there is no simultaneity among the birth inputs and outputs and 2 is diago-
nal. These alternative models may be compared by Bayes factors, or ratios of model
marginal likelihoods. We compute the marginal likelihood of each model specification
using the method developed in Chib and Jeliazkov (2001).

Finally, we compute the population R?> for each birth output equation as Li and
Poirier (2001a). The measure is developed by Carter and Nagar (1977). It has the
same interpretation as the familiar coefficient of determination used with the classical
linear model, and at the same time it explicitly includes all the restrictions that serve
to identify the structural equation.

5. Empirical results
5.1. Evidence of structure

The Bayes factor in favor of our maintained specification H, versus the more general
H, is an overwhelming e**. The five additional variables south, west, calendar time,
AFQT score, and household income (x7—x;;) add little to the G equation (like their
other exogenous counterparts). There is some regional variation in both the BL and
BW equations, and temporal and income effects in the BL equation. But the overall
effect is negligible as indicated by the Bayes factor. Since our prior odds also favor
H.., we feel reassured in adopting our maintained specification, which is effectively the
same as model averaging for all reasonable prior odds ratios.

Given our 151-dimensional window there are ample opportunities for pretesting, but
we do not engage in it (an exception is the diagnostic testing of H,). Instead we report
posterior means and standard deviations. To give a quick, visual indication of posterior
mass around the means, we indicate the relative size of the posterior mean to the
posterior standard deviation by the border of table cells as described in Table 5. We first
report results for our baseline hyperparameter specification, =1, w; =0.1936, w; =9,
leaving to Section 5.6 a discussion of the sensitivity of our results.
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Table 5

Notational conventions in subsequent tables

| Absolute value of mean between one and two standard deviations

O Absolute value of mean between two and three standard deviations
Absolute value of mean more than three standard deviations

bold Standard deviation equal to zero

Table 6

Posterior means (standard deviations) of across-equation correlations and variances in 2: ¢ = 1,

w1 =0.1936, w; =9

5 D* pC* WG G BL BW
1.000 03118 —0.2480 0.0066 0.2446 —0.2017 —0.2352
(0.0000) || (0.1546) 0.1774) | (0.0925) 02377) | (0.2060) (0.2557)

1.000 —0.3522 | —0.0246 0.0653 0.0789 —0.1468

D*

(0.0000) (0.1846) | (0.0895) (0.1898) (0.2310) (0.2674)
1.000 0.0500 0.1078 —0.0451 0.0722
PC*
(0.0000) (0.1011) (0.2147) (0.2270) (0.2548)
64.07 —0.0028 —0.0012 0.0755
WG
(1144) | (0.0447) (0.0437) (0.1736)
7.993 0.1340 0.1681
G
(1.372) (0.0858) (0.1351)
8.652 0.4148
BL
(1.387) (0.0998)
e ——
04367
BW
(0.0832)

Note: Variances for S*,D* and PC* are normalized to unity. Off-diagonal elements are given as corre-
lations, not covariances.

5.2. System considerations

Posterior means and standard deviations of the correlations and variances in X are
given in Table 6. The largest correlation is between the disturbances in the BL and BW
equations with posterior mean 0.4148. There is moderate correlation among the three
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Table 7
Posterior means (standard deviations) of I'} and I';: ¢ =1, w; =0.1936, w; =9
Endogenous variable j V5,G 7j,BL Vj,BW
s —0.1967 —0.1968 —0.1136
(1.094) (1.086) (0.2908)
D —0.7112 —0.8107 0.0268
(0.9714) (1.202) (0.3135)
PC —0.3798 0.1126 —0.0015
(1.101) (1.319) (0.3246)
0.0061 0.1026 0.0036
WG
(0.0430) (0.0456) 0.0167)
—1.000 0.0726 0.0362
G
(0.0000) (0.0555) (0.0231)

discrete input disturbances, but not with WG, and among the three output disturbances.
Besides the correlation between the disturbances in the BL and BW output equations,
there is minor correlation across the G and BL output equations. But most notably, there
is little correlation between input and output disturbances. This is consistent with our
prior specification on X. The overall weak input—output correlations bring into question
whether simultaneous equation techniques are necessary.* The relatively small sample
size compared to the 151 unknown parameters and the loosely parameterized input
equations probably account for the weak association between birth inputs and outputs.

5.3. Endogenous effects

The systematic endogenous effects are captured by I'; and I';. Posterior means and
standard deviations are given in Table 7. The direct effects of the three discrete inputs
(S, D, and PC) on the outputs are particularly small. WG seems to only directly affect
BL. G is basically unexplained. While this may be due to measurement error problems
with the G data, G does have a small positive systematic effect on BL and BW.> The
posterior mean of yg pw suggests another week of gestation results in a 36 g increase
in BW.

4 The Bayes factor favors the single-equation model over the simultaneous equations model. Then when
comparing the simultaneous equations model with a model where there is zero correlation between birth inputs
and outputs (i.e., the variance—covariance matrix 2 is block diagonal). The data prefers our simultaneous
equations model.

5 The G data exhibit a markedly large spike at G=39, with very small adjacent spikes and then moderately
large spikes further away. Our treating of G as continuous and free of measurement error is an assumption
we hope to weaken in subsequent analysis.
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5.4. Exogenous effects

Posterior means and standard deviations for the effects of exogenous variables in
each equation, as captured by 4, are reported in Table 8.

Consider the effects of the instruments x;—x4. The validity of the instruments west
(xg), no health insurance available (xi;), number of maternal siblings (x;7), grand-
mother’s education (x;7), no employed males in household at age 14 (x¢), and three
price indices (x;;—xp4) is in doubt. The coefficients of other instruments, however, all
indicate mass away from zero in at least one input equation.

Next consider x;—xg. Surprisingly, male child (x;) does not have much impact on
BL and BW, but it does appear important in the S and PC equations. Maternal height
(xs) and weight (x¢) seem less important in the output equations than in the input
equations. But a more careful analysis takes into account the exogenous effects of
maternal height (xs) and weight (xg) through BMI (x4). Table 9 reports the posterior
means and standard deviations of the partial derivatives of the exogenous variable
effects of maternal height and weight in each equation. These results confirm the earlier
observations. The effect of maternal weight on BW seems especially important.

Explaining WG seems particularly difficult, and interestingly, it is the birth input that
shows the greatest impact in the BL equation (recall Table 7). The posterior means of
the effects of exogenous variables on WG are negligible and often of surprising sign.

Finally, the R*’s for the G, BL, and BW equations are 0.1202, 0.1141, and 0.2035,
respectively.

5.5. Prediction

Given out-of-sample values of the exogenous variables ¥, the predlctlve density for
the out of sample of Z* = [7},5,] = [S*,D*,PC*, WG, G,BL,BWY’ is

[T, %%, ZX)—/f(zl,z~2|f,0)f(0|Z,X)d0

= [ oA B sl + 2227 G - 49 20
7(012,x)do, (27)
where i = (51, G, %, B) = W2 B,
2 % % 0 0, 0, 0 0 0, 0, 0
Wy=10, 0, 0 0 G 2z %% 0 0, 0, 0 (28)
00 0, 0 0 0 0, 0, 0 G 2z X

and £, =[S,D,PC,WG] = [1(77), 1(F% ,1()73),WG]'. We will concentrate on the pre-
dictive distribution for BW, obtained from (27) by integrating-out inputs and other
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Table 9
Exogenous effects of maternal height and weight: ¢ =1, w; =0.1936, w; =9
Equation Effect of maternal height Effect of maternal weight
0.0018 —0.0026
N
(0.0112) (0.0052)
0.0075 —0.0033
D
(0.0116) (0.0054)
—0.0080 —0.0001
PC
(0.0130) (0.0061)
—0.0404 0.1027
WG
(0.1742) (0.0823)
—0.0786 0.0008
G
(0.0556) (0.0264)
0.0202 0.0238
BL
(0.0569) (0.0269)
0.0001 0.0189
BW
(0.0121) (0.0062)
outputs:

f(BW|)Z,Z,X):/9 U [ /m f(27,5,|0)d5; deBNL} £(012,X)do

_ / [/ / / RICIVE S MYRCAL?
2] —00 —oo JR

+20,20 G — A1%), Zy1) d5} G dBNL} 1(012,X)do. (29)

Note that the integral in (29) with respect to BL can be done analytically. Evaluating
(29) for the reference mother corresponding to the intercept yields the predictive density
shown in Fig. 1 with a predictive mean and standard deviation of 3.240 and 0.7115,
respectively. Fig. 1 also depicts the very diffuse prior predictive density embodying
only the informative prior and no data.

5.6. Sensitivity analysis

Our sensitivity analysis divides by four our baseline hyperparameter values ¢ =
1, w; =0.1936, w; =9 to obtain &=0.25, w; =0.0484, w, =2.25 and multiplies by
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0.6

freq.

birth weight (kg)

Prediction Using Data - = = Prediction Using Prior

Fig. 1. Predictive density of BW for the reference mother under default prior: £ =1, w; =0.1936, w, =9.

two to obtain £ =2, w; =0.3872, w, = 18, respectively. This asymmetrical treatment
reflects the fact that the prior predictive distribution from multiplying our default values
by four yields an implausible predictive mean for BW.

The Bayes factor continues to overwhelmingly favor the maintained hypothesis H.
over Hp in the two new hyperparameter settings (unreported). And the largest marginal
of the data occurs for the tightest prior specification (i.e., £ =0.25, w; =0.0484, w, =
2.25). Results under Hy and the tight prior analogous to Tables 69 are available from
the authors upon request. Not surprisingly, posterior means are of the same sign as
before, but have shrunk toward the origin. Posterior standard deviations are reduced as
result of the more informative priors.

There are a couple of specific differences worth noting between the results under the
default prior and those under the tight prior. Firstly, there is somewhat stronger corre-
lation between three binary input variables (S, D, and PC) under the tight prior than
under the default prior. Secondly, there is much stronger positive correlation between
&g and &g under the tight prior than under the default prior. Thirdly, AFQT score (xj),
grandmother’s education (x;7), and not being on time in school at age 14 (x;3) look
like even stronger instruments under the tight prior than under the default prior.

Table 10 reports the predictive means and standard deviations of the reference mother
for all seven endogenous variables corresponding to all three prior hyperparameter spec-
ifications and for both our maintained hypothesis H, and the less restrictive alternative
Ha. These predictive moments exhibit fairly little variation over the six specifications.
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Table 10
Predictive means (standard deviations) for various specifications
Variable H. Ha
£=025 E=1 =2 £=025 E=1 =2
w; =0.0484  ®; =0.1936 w; = 0.3872 w; =0.0484  ®; =0.1936 w; = 0.3872
wy =225 wy) =9 wy =18 wy =225 wy) =9 wy =18
0.5578 0.5444 0.5608 0.5276 0.5738 0.5746
S
(0.4966) (0.4980) (0.4963) (0.4992) (0.4945) (0.4944)
0.5052 0.5382 0.5320 0.5288 0.5690 0.5726
D
0.5000 (0.4985) (0.4990) (0.4992) (0.4952) (0.4947)
0.5794 0.6154 0.6486 0.5758 0.6220 0.6490
PC
(0.4937) (0.4865) (0.4774) (0.4942) (0.4849) (0.4773)
9.698 10.01 10.16 9.779 9.794 9.853
WG
(8.091) (8.260) (8.282) (7.884) (8.242) (8.225)
38.93 38.81 38.82 38.82 38.76 38.68
G
(2.748) (2.821) (2.839) (2.832) (2.927) (2.964)
————————— ————————— ————————— ————————— ————————— —————————
50.68 50.79 50.79 50.91 50.89 50.91
BL
(3.415) (3.273) (3.289) (3.399) (3.289) (3.287)
—————— —————— —————— —————— —————— ——————
3.205 3.240 3.233 3.034 3.029 3.026
BW
(0.7111) (0.7115) (0.6966) (0.7327) (0.7125) (0.7228)

The predictive densities of BW for the tight prior, and its corresponding posterior, are
shown in Fig. 2.

6. Discussion

The analysis here has demonstrated the feasibility and practicality of our new model
of the birth process. Essentially the posterior predictive view of BW suggested by our
results is one where the four inputs are determined jointly and dependently among S,
D, and PC, but independently of WG, and then the outputs are determined as follows.
S has negative systematic correlation with G. D and PC appear to have no sizeable
systematic effect on G, BL, or BW. G appears dependent on the exogenous size of the
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Fig. 2. Predictive density of BW for the reference mother under default prior: £=0.25, w;=0.0484, w,=2.25.

mother. Except for the sizeable and positive correlation between the unexplained parts
of § and G, there seem to be no unexplained common effects between the birth inputs
and outputs. Moreover, G appears dependent on the exogenous size of the mother. BL
is affected by the inputs mainly through WG. BW is affected by the inputs through
their effects on G. Except for maternal weight, there is little correlation between the
remaining exogenous variables and BW.

There are, however, many data considerations that limit our analysis. Firstly, there
are issues regarding measurement error in the data we used (e.g., gestational age).
Secondly, the small sample size has limited the sharpness of our results. Nonetheless,
we feel we have demonstrated well the bottom line of our analysis: the predictive
density of BW, (34), as illustrated in Figs. 1 and 2 for the reference mother.
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