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SUMMARY

Birth defect, abnormal condition of the newborn, developmental delay or disability and low birth weight
are four major infant morbidity outcomes. Most studies have focused on assessment of the effects of
risk factors on each of these outcomes or of the relationship among these outcomes or both. Little
attention has been paid to the development of a composite index, which is a summary construct of
infant morbidity outcomes. In this paper, we develop extended latent variable (LV) models and modified
Gauss—Newton algorithms for multiple multinomial morbidity outcomes with complete responses. By
assuming the marginal distribution of the LV to be log-normal, we model the conditional probability of
each outcome as a nonlinear function of the LV, which has properties similar to the logistic function. The
estimated generalized nonlinear least-square method is used to solve equations for parameters of interest.
The models are applied to an infant morbidity data set. A new single variable, called infant morbidity
index (IMI) that functions as a summary of four infant morbidity outcomes and represents propensity
for infant morbidity, is developed. The validity of this index is then assessed in detail. It is shown that
the IMI is correlated with each of the individual outcomes, with infant mortality and with a face-valid
index of morbidity outcomes, and can be used in future research as a measure of propensity for infant
morbidity. Copyright © 2007 John Wiley & Sons, Ltd.
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1. INTRODUCTION

Infants have varying propensities for morbidity. The propensity for morbidity (denoted by S§) is
manifest in morbidity outcomes. There are several different morbidity outcomes to consider, such
as birth defect (BD), developmental delay or disability (DDD) and low birth weight (LBW). These
outcomes are associated with each other [1-8] and with risk factors, such as poverty, smoking
during pregnancy and alcohol consumption during pregnancy. Most current studies have focused
on assessment of the effects of risk factors on each of these outcomes or of the relationship between
different outcomes or both [1, 6—12]. It is not useful clinically to identify risk factors and quantify
the strength of the relationship between risk factors and infant morbidity only by analyzing the
effects of risk factors on the individual morbidity outcome. A single measurement of morbidity
analogous to, say, blood pressure as a measure of cardiac output is needed. The objective of this
study is to develop an index of infant morbidity (IM) combining four pregnancy outcomes, which
will be described below and to assess the validity of the index.

BD, abnormal condition (AC) of the newborn, DDD and LBW are four major contributors
to infant morbidity [5—14]. BD is defined as abnormal development of the fetus resulting in
death, malformation, growth retardation or functional disorders. Approximately 150000 babies
are born each year in the U.S. with BDs. Approximately 3 per cent of all children born in the
U.S. have a major malformation at birth. BD is one of the leading causes of infant mortality
[13, 14]. The major risk factors of BD are environmental exposure, maternal alcohol consumption
and maternal cigarette smoking during pregnancy [15-18]. AC of the newborn denotes infants
who have anemia (HCT<39/HGB<13), birth injury, fetal alcohol syndrome, hyaline membrane
disease/RDS, meconium aspiration syndrome, seizures or assisted ventilation. Developmental delay
is the slowed or impaired development of a child under 5 years old. Development disability when
applied to infants and young children means individuals from birth to age 5, inclusive, who have
substantial developmental delay or specific congenital or acquired conditions with a high probability
of a mental or physical impairment or combination of mental and physical impairments. Many
children show problems of DDD with time, e.g. 67 per cent by 1 year of age and 12—14 per cent
by school age. An outcome variable, that is related to DDD, is LBW. LBW is a strong predictor of
DDD in early childhood [8, 19]. Other major causes of DDD are environmental toxins, substance
abuse, poor nutrition and genetic syndromes [8—12,19]. LBW refers to infants born less than
2500 g. Birth before 37 weeks gestation is a major component of LBW. In the United States,
preterm birth accounts for 50 per cent of long-term neurologic morbidity [20].

Since these outcome variables are major causes of infant morbidity, the effects of risk factors on
these outcome variables and their relationship have been analyzed in many studies [7-12, 19]. But
little attention has been paid to the development of a composite index which is a summary construct
of infant morbidity. Such an index, nevertheless, could provide a single comprehensive measure
that might be useful in studies of infant health. Compared with the subjective face-valid index
(FVI) (defined later), the new index not only identifies all the patterns of morbidity outcomes but
also allows early intervention programs aimed at improving the health of infants with morbidity.

Latent variable (LV) models in latent class setting have recently been developed for a wide array
of problems and applications. Garrett e al. [21] used the population-based latent class model as
the standard of comparison for diagnoses for which there was no gold standard of diagnosis. Lin
and McCulloch [22] considered a latent class model to uncover subpopulation structure for both
biomarker trajectories and the probability of disease outcome in highly unbalanced longitudinal
data. Qu et al. [23] developed a general latent class model with random effects to model the
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conditional dependence among multiple diagnostic tests. In this study, we propose LV models
in which the LV is not treated as categorical in the latent class setting but as continuous in the
latent trait setting. By assuming the marginal distribution of the LV to be log-normal, we model the
conditional distribution of each morbidity outcome as a nonlinear function of the LV. These models
are utilized to combine four outcomes, BD, AC, DDD and BW, into a single infant morbidity index
(IMI) that reflects the propensity for morbidity (LV). An overall assessment of the validity of the
IMI is made by correlating it with each outcome, with IM and with a FVI of morbidity outcomes.
In our analysis, we assume that the likelihood of each of these four outcomes is affected by an
underlying propensity for morbidity that has a common influence on all four morbidity outcomes.

This paper is structured as follows. In Section 2, we describe the source and creation of infant
morbidity data used in this study. Sections 3 presents extended LV models for multiple multinomial
outcomes, and models for modeling conditional probabilities. In Sections 4 and 5, we introduce
modified Gauss—Newton algorithms for estimating the parameters of interest in LV models, present
a method for obtaining initial estimates, and test the goodness of fit of the models. We develop an
IMI and a class of related validation procedures in Section 6. Several issues are discussed in the
final section.

2. DATA SET

The infant morbidity data were derived from the merger of four data sources. The base data set was
drawn from Florida’s Birth Vital Statistics, 1997-1998. This data set contained sociodemographic
and perinatal health factors, as well as a measure of tobacco use, for pregnant women who had
children born in the state of Florida in 1997 and 1998. It was augmented by three other data sources:
(1) Florida Birth Defects Registry, which contained information on children who were diagnosed as
having BD; (2) Children’s Medical Services Early Intervention Program, which contained informa-
tion on children who were assessed for DDD and received evaluation or intervention services, 1997—
2001; and (3) Medicaid Status from the Agency for Health Care Administration (AHCA) Medi-
caid eligibility files. Two exclusion criteria were applied to this merged population-based data set:
(1) multiple births; (2) missing values of birth weight (BW), demographic, behavioral or perina-
tal health factors. The first criterion was used to satisfy the independency of individuals in the
study population. After applying the above criteria and deleting BW <350 and BW>6000, 385 485
records were available for analysis. In this data set, dichotomous outcomes were BD diagnosed
in the first year of life, AC of the newborn and DDD diagnosed under the age of 1. BW was
classified into four categories: extremely LBW (ELBW, 350-999 g), very LBW (VLBW, 1000-
1499 g), LBW (LBW, 1500-2499 g) and normal BW (NBW, 2500-5999 g). Health-related and
sociodemographic factors and prenatal tobacco use were studied to assess their effects on each
outcome (BD, AC, DDD and BW) and their effects on the IMI. Five health-related factors were
previous pregnancy failure (PREVFAIL: Yes, No; Yes if one or more previous pregnancy termi-
nated in either a spontaneous or induced abortion or if one or more previous pregnancy resulted
in a liveborn infant who later died, and No if otherwise), 12 months or greater previous pregnancy
interval (PREV12: Yes, No; Yes if pregnancy interval more than or equal to 12 months, and No
if otherwise), experience of previous pregnancy success (PREVSOME: Yes, No; Yes if one or
more than one previous pregnancies resulted in liveborns who were still living and no previous
failures, and No if otherwise), healthy start services (HSSCREEN: Yes, No; Yes if one of the
following services was delivered: administrative contact, care coordination or direct Healthy Start
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Services such as counseling, education and other support, and No if no contact at all) and Florida’s
healthy start prenatal risk screen score (HSSCORE: numerical variable scored from 1 to 8 with
higher score indicating higher risk). Six sociodemographic characteristics included in this study
were mother’s education level (MEDU), mother’s marital status (MSTAT), poverty (MEDICAID),
mother’s age (MAGE), infant’s race (BRACE) and infant’s sex (BSEX). Mother’s marital status
(MSTAT: Yes, No; Yes if married and No if not married), poverty (MEDICAID: Yes, No; Yes
if receiving medicaid served and No if otherwise) and infant’s gender (BSEX: Yes, No; Yes for
male and No for female) were dichotomous. Mother’s education (MEDU) had three categories:
less than high school (<HS, if mother’s education was less than or equal to 11 years), high school
(HS, if mother’s education was equal to 12 years) or greater than high school (>HS, if mother’s
education was greater than 12 years). Mother’s age (MAGE) also had three categories: <20, 20-34
and >34 years old. There were four categories for infant’s race (BRACE): Black, White, Hispanic
and Others. One more maternal variable, prenatal tobacco use (SMOKE), was continuous and was
scored by the number of cigarettes per day by mothers in pregnancy.

3. STATISTICAL MODELS

3.1. Extended latent variable models

To specify extended LV models for multiple multinomial morbidity outcomes with complete
responses, we define S to be a univariate unobservable LV of interest with values s € [0, co) and
Yo (m=1,..., M) to be the mth manifestation of S with potential values y,, €{l,..., Cy}.
For simplicity, here we omit the subscript denoting individuals when giving the model for
a single individual. Denote by 0, the marginal density of S and by 0," =n(Y,, = yu|s) the
conditional probability that given s, the individual will have a response y, to outcome m
m=1,...,M; y,=1,...,Cyp). Under LV models, all these outcome variables are associated
because the population under study is a scaled mixture of subpopulations. As applied to our in-
fant morbidity data, four manifestations of S are: Y1, BD with two categories (Yes, No); Y2, AC
with two categories (Yes, No); Y3, DDD that is dichotomous (Yes, No); Y4, BW, which has four
categories (ELBW, VLBW, LBW and NBW). In this case, it is natural to associate the LV § with
the underlying infant morbidity and consider observed outcomes to be surrogates for S, which can
be considered to be the propensity for infant morbidity. Here, 0; denotes the marginal distribution
of propensity for infant morbidity, and )™ is the probability of individuals who will have the
response y,, to infant morbidity outcome m (m =1, 2, 3, 4) given latent value s. Since S is the
propensity for infant morbidity, it is reasonable to treat it as a continuous variable. Then, the joint
distribution of morbidity outcomes can be written as

© M Cy
PYi=y1,....Ym=ym) = Os IT 1 02,07 ds (D

0 m=1 j=1
where y;,; =1 if the individual falls into the jth category of outcome m and O otherwise. The
expression in (1) will be referred to as the cell probability in Section 4, which is the function

of the vector of 67 and 0. The term ]_[C”‘1 (BILS)Y'"/ is a multinomial process associated with

ms Jj=
outcome m, where ¢/, is the conditional probability for the jth category of outcome m subject

to ZC’" 0 =1 (m=1,...,M). For BD, AC and DDD, it is a Bernoulli, but for BW, it is a

j=1"ms
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multinomial distribution with n = 1. Note that in (1), the LV is continuous and observed outcomes
are categorical. In fact, the distribution (1) is a scaled mixture of product multinomial processes
with mixing weights 6. One basic assumption implicit in (1) is that given the latent value s,
responses of morbidity outcomes are independent, i.e.

M Cp

m=1 j=1

This conditional independence is equivalent to the axiom of local independence [24,25]. In our
analysis, as discussed by Roche ef al. [26], not only it is convenient, but also it defines the sense
in which the § serves as a summary construct. Information about S is available from (1) through
posterior distributions of the LV:

0 Ty [1521 (00

f(S|Y]=y],,YM=yM)= :
J&2 0TI TIS2, (03,7 de

3)

These posterior distributions capture information about the unknown LV given observed indicators
and hence are useful in the development of a composite morbidity index for our example.

3.2. Modelling conditional distributions

Suppose that data of M distinct morbidity outcomes with C,, (im =1, ..., M) categories in outcome
m are collected on an infant. Let 0, = f(Y,, = yn|S=3s) for y,, =1,...,Cy, and s € [0, 00) be
the conditional probability that the infant will have a response y,, to outcome m. We capture
information to develop a composite morbidity index through modeling the conditional probability
of each morbidity outcome as a function of LV S. Since § is the continuous LV associated with
manifest morbidity outcomes with domain [0, 00), it is reasonable to assume that the conditional
probability of an infant having an adverse morbidity outcome will be zero when S is equal to zero.
For this reason, the following models for conditional probability are considered:

20y
O 11 (4)
ms Cn—1 24
L 25 (B0
where ﬁmy,,, and oy, (m=1,...,M;y,=1,...,Cy — 1) are parameters linking the LV variable

to the conditional probability 6" subject to ZC,;":I 0)m = 1. They are the parameters of interest
we need to estimate in the conditional distribution of S given the observed outcomes.

For every morbidity outcome, we treat the normal category as the reference category. That is
to say, we specify o, c,, =0 for any m=1, ..., M. For example, BD is the first dichotomous
outcome (Yes, No) we introduced in our study. So the category BD = No is the reference category

(12 =0) and the model for the conditional probability of BD = Yes is

g Bus*
s — 1+ (ﬁ”s)Zom
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BW is the fourth outcome under study with four categories (ELBW, VLBW, LBW and NBW).
Then, the model for the conditional probability of ELBW is

1 _ (ﬁ415)2a41
45 = )
R Z;:l (Bajs)™™i

Similarly, we can easily write out the models for VLBW and LBW. Here, we treat NBW as the
reference category (c44 =0).

3.3. Distribution of the latent variable

In our study, the LV § represents the propensity for infant morbidity which is manifest in four
outcomes: BD, AC, DDD and LBW. Our prior belief is that most infants are exposed to low-level
risks such that the LV may have an asymmetric distribution with a long right tail. We assume that
S is distributed as log-normal with density

o= —L {—i(l (s) — )2} (5)
' so 2nexp 252 B T H

where p and ¢ are the mean and standard deviation of the log-LV. For simplicity, we refer to (4)
combined with (1) and (5) as s-models.

Model (4) has good properties similar to those of logistic models, with the difference that the
conditional probabilities in model (4) will be zero if s is anchored zero. This is generally consistent
with the hypotheses in studies of infant medical and health care that prevalence for some disease is
zero in the absence of risk factors. The relationship between (4) and the logistic model is reflected
in the following reparameterization:

exp(Bomy, + By, 2)
9’);17" = p BO Ym Bmym (6)

Cpn—1
I+ Zj:l exp(ﬂgjym + B7sz)

%

where ,B(’ﬁmym = 204ny,, (U108 By, ) Bony,, = 2%my,, /0 and z= (log(s) —p) /o (m =1, ..., M; yy =
1,...,C,). Here, z is the value of the variable Z, which has a standard normal distribution. The
relationship of (4) to the logistic model, together with the medical hypothesis, provides us a good
reason to use these models in our analysis. Note that we require s>0 and f3,,, >0 in model (4) to
complete this translation.

4. ESTIMATION METHOD

Consider M infant morbidity outcomes with each having C,, categories. Define f to be the vec-
tor of ,Bmym and oy, m=1,...,M;y,=1,...,Cy — 1), which are parameters of interest in

s-models defined in (4). Suppose that observations on all subjects can be arranged in N = ]_[f;l'[:1 Cn
cell counts. Let n=(ny,...,ny) be the vector of cells, where n;s (i=1,...,N) have a multi-
nomial distribution with the vector of cell probabilities () = (n1(f), ..., iy (f))’. Here, n(f) is
defined by expressing (1) and (4) as functions of f= (211, Bi1, - -» CM(Chy—1)s Brcyy—1ys K5 0)-
Let p=(p1,..., pn) be the vector of sample proportions (p; =n;/n). Then, sample proportions
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are unbiased and consistent estimates of cell probabilities 7. That is,
p=np)+e

where the expectation of ¢ is E(g) =0 and the variance is var(¢) =n~'V. From (1) and (4), it is
easy to see that n(f) is a nonlinear function of f. Following the nonlinear least-square theory [27],
the estimated generalized nonlinear least square estimates of § can be obtained by minimizing the
quadratic form:

OB, V)=n(p — BV (p — n(p) )

where V represents a consistent estimator of V and hence does not depend on f. In our study,
we choose V =diag(p) — pp’, which depends only on the sample proportion p. By taking the
derivative on both sides of (7), we obtain the estimating equations

0B V) (anw)
B\ op

Note that if we substitute V for V, (8) becomes the optimal estimating equations which are used
to compute the maximum-likelihood estimates (MLEs). Because of the dependence of V on f, the
MLEs often attain local maxima. The idea of using the simplification (8) obtained by substituting
V for V in the optimal estimating equations is to avoid the local maxima problem that we face
in computing the MLEs. Let ,B(k) denote the estimate at the kth iteration. By Hartley’s modified
Gauss—Newton method [28], the estimate ﬂ(kH) at iteration k + 1 is

, -1 l
po+D — g 4 () {(M) y-! (a“(ﬁ(k))ﬂ (M) VIip—=p®) )

) Vlp—n(f)=0 (8)

B op B

where 4% €0, 1] is the stepping coefficient for the kth iteration. We adjust AR guarantee
that ﬁ(kH) is a better approximation to the least-square estimator Zf than ﬁ(k) in the sense that
Q(ﬂ(kH), \A/)SQ(B(]‘), \7). Although 7(f) and the derivatives of 7(ff) with respect to § have no
closed forms, we can calculate these integrals using common numerical integration methods since
the integral over S is only one dimensional. In our study, there are four morbidity outcomes: BD,
AC, DDD and BW. The first three are dichotomous and the last one is polytomous with four
categories. Based on s-models, we have 13 parameters to be estimated. Note that considering
the identifiability of parameters in s-models, we fix the variance parameter ¢ in (5) at 1 in our
estimation.

5. ESTIMATION RESULTS

5.1. Calculation of initial estimates

To make (9) converge faster, selection of appropriate initial values is necessary. There are six
independent pieces of information in the raw data that we can utilize to calculate initial values
of parameters in s-models: three are from BD, AC and DDD, respectively; and another three are
from BW. They are the prevalences of adverse outcomes for each morbidity outcome. In Table I,
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Table 1. Occurring rates for each category of outcomes.

Variable Category Frequency Per cent
BD Yes 9459 2.44
No 377426 97.56
AC Yes 25903 6.70
No 360982 93.30
DDD Yes 8108 2.10
No 378777 97.90
350-999 2921 0.76
BW 1000-1499 2980 0.77
1500-2499 25071 6.48
2500-5999 355913 91.99

we list the frequencies and prevalences corresponding to the four outcomes. The prevalences of
adverse outcomes associated with BD, AC and DDD are 2.44, 6.70, and 2.10 per cent, respectively.
Those associated with BW are 0.76, 0.77, and, 6.48 per cent, which correspond to ELBW, VLBW
and LBW, respectively. Based on these pieces of information, we derive initial values for s-model
parameters as follows:

Step 1: Derive the initial estimate of p. Denote y to be the initial estimate of u. Since log(sS)
has a normal distribution with mean g, let u, be log(so), where s is the approximate average risk
level in which infants in the study currently are. The term sg can be calculated from (4) using
prevalence of the adverse outcome for BD in Table 1. The estimate of so is 0.158, and hence y
is —1.844.

Step 2: Derive initial values of other parameters in s-models. In this step, we fix all other
o’s to be 1 besides a1y and f5;;. Since sp is the approximate average risk, the values of 0)™’s
(from (4)) corresponding to sp can be treated as prevalences of adverse outcomes for associated
morbidity outcomes, which are listed in Table I. Based on the information in Table I, initial values
of parameters in s-models are easily deduced. For example, f3,; is a parameter associated with
AC. From Table I, the prevalence of AC is 6.7 per cent. Using model (4), the initial value of f3,;
can be calculated as ﬁgi) =/0.067/(1 — 0.067)/s0 ~ 1.69. Similarly, we can get initial values of
other parameters corresponding to s-models.

Using the derived set of initial values will make modified Gauss—Newton algorithms work more
efficiently in the sense that convergence will take much shorter time.

5.2. Results

Using the modified Gauss—Newton algorithm described in Section 4 and the group of initial values
derived in Section 5.1, we obtain estimates of parameters in s-models (Table II). Substituting these
estimates into model (4), we calculate conditional probabilities given s for each outcome.

Figure 1 shows the conditional probabilities for each outcome variable and the density of infant
morbidity propensity (last panel in Figure 1). Change patterns are similar for three dichotomous
outcomes: BD, AC and DDD. The conditional probabilities for adverse outcomes (BD: Yes, AC Yes,
DDD: Yes) decrease, and those for normal outcomes (BD: No, AC: No, DDD: No), increase with
increasing s. In the graph for the multinomial outcome BW, there are four lines that correspond to
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Table II. Estimates of parameters in s-models.

BD AC DDD BW

o B w2 P owzr By e Ba o w P w3z Pas
1.01 1.07 1.12 2.07 2.36 2.09 3.52 2.17 3.13 2.14 1.26 2.39

NBW, LBW, VLBW and ELBW, respectively. Note that the trends of curves associated with LBW
and VLBW are different from those of NBW and ELBW. They increase first, attain maximum,
and then decrease. The changes for curves of NBW and ELBW are similar to those of BD, AC
and DDD. The order in which curve peaks for BW appear is NBW, LBW, VLBW and ELBW.

Based on (1) and (4), we calculate the expected probabilities and counts for each combination
of four morbidity outcomes. Expected probabilities and counts, together with observed proportions
and counts, are listed in Table III. Since the sample size in our study is very large (n =385 485), it
will not be appropriate to use y> statistics to test the goodness of fit of s-models [29]. We suggest
using the weighted regression method to do it. To perform the test, assume that ¢ is a random
vector with mean E(¢) =0 and variance V (¢) =n[diag(w) — nn']. Let the sample count be the
dependent variable, denoted by Y, and the expected count be the covariate, denoted by X. Then,
we can use SAS PROC REG to fit the model

where Y* = V_I/ZY, X*:(V‘l/zl, \7_1/2)() and ¢*=V~2¢ In the above transformation,
1% =n[diag(p) — pp’] is the consistent estimator of V and V12 s equal to ED~'/2E’, where E
is the matrix of eigenvectors of V and D is the diagonal matrix with eigenvalues of V down the
diagonal. The test result (R?*=10.98) shows that our s-models fit the data set well.

6. DEVELOPMENT AND VALIDATION OF IMI

6.1. Development of IMI

In Section 5, we derived estimates of parameters related to s-models. Substituting parameter
estimates into (3), we obtained posterior distributions of LV S (propensity for infant morbidity).

Let § = E(S|Y =) then,

§= /sf(le:y)ds (10)

where f(s|Y =y) is given by (3), and Y is the vector of M manifestations: Y1, ..., Y.

To adapt for use in infant health, we re-scale § on the 1-100 scale and arrive at the proposed
IMI. Thus, the IMI is estimated as a function of its manifestations: BD, AC, DDD and BW. It is
a composite index of propensity for infant morbidity which is developed from s-models. Table IV
lists results for § and IMI, given the pattern of four morbidity outcomes. We see that all infants
who have the same pattern of outcomes have equal IMI values. The IMI can identify patterns
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Figure 1. Curves of conditional probabilities for each outcome and density of the latent variable.
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Table III. Observed counts (OBCNT), expected counts (EXCNT), observed per cents (OBPCNT)
and expected per cents (EXPCNT) by combinations of four morbidity outcomes.

BD AC DDD BW OBCNT EXCNT OBPCNT (per cent) EXPCNT (per cent)

Yes Yes  Yes 350-999 94 123.80 0.0243 0.0320
Yes Yes  Yes 1000-1499 86 100.52 0.0222 0.0260
Yes Yes  Yes 1500-2499 151 98.71 0.0390 0.0255
Yes Yes Yes 2500-5999 278 96.79 0.0719 0.0250
Yes Yes No 350-999 68 92.08 0.0176 0.0238
Yes Yes No 1000-1499 84 88.92 0.0217 0.0230
Yes Yes No 1500-2499 262 263.66 0.0677 0.0682
Yes Yes No 2500-5999 747 731.35 0.1931 0.1890
Yes No Yes 350-999 87 97.14 0.0225 0.0251
Yes No Yes 1000-1499 101 84.41 0.0261 0.0218
Yes No Yes 1500-2499 339 130.59 0.0876 0.0338
Yes No Yes  2500-5999 929 195.63 0.2401 0.0506
Yes No No 350-999 75 125.71 0.0194 0.0325
Yes No No 1000-1499 128 137.01 0.0331 0.0354
Yes No No 1500-2499 707 861.22 0.1827 0.2226
Yes No No 2500-5999 5323 5312.77 1.3759 1.3732
No Yes Yes 350-999 471 422.99 0.1217 0.1093
No Yes Yes 1000-1499 319 364.50 0.0825 0.0942
No Yes Yes 1500-2499 441 534.50 0.1140 0.1382
No Yes Yes 2500-5999 581 762.32 0.1502 0.1970
No Yes No 350-999 778 512.65 0.2011 0.1325
No Yes No 1000-1499 671 550.99 0.1734 0.1424
No Yes No 1500-2499 3318 3167.57 0.8576 0.8187
No Yes No 2500-5999 17554 17 684.24 4.5373 4.5709
No No Yes 350-999 429 403.16 0.1109 0.1042
No No Yes 1000-1499 447 380.44 0.1155 0.0983
No No Yes 1500-2499 994 980.62 0.2569 0.2535
No No Yes  2500-5999 2361 2370.33 0.6103 0.6127
No No No 350-999 919 977.03 0.2375 0.2525
No No No 1000-1499 1144 1217.11 0.2957 0.3146
No No No 1500-2499 18 859 18901.28 4.8746 4.8855
No No No 2500-5999 328140 329114.95 84.8159 85.0679

of four outcomes. The range of the IMI is from 1 to 100. The maximal value is generated by
infants who have the outcome pattern of BD = Yes, AC = Yes, DDD = Yes and ELBW = Yes (the
first row), and the minimal value is associated with infants whose pattern is BD = No, AC = No,
DDD =No and NBW = Yes (the last row). In addition, given the pattern of any three outcomes,
there is an obvious trend of the IMI with the last outcome, i.e. values of the IMI increase with
the last outcome getting worse. Further study will be needed to determine whether the IMI can
exactly identify the pattern of outcomes in general situations.

6.2. Validation analysis

Before the IMI can be used in the medical/public health area, evaluation of the validity of the IMI
is necessary. Since the IMI is a summary index of BD, AC, DDD and LBW, we expect that it will
be associated with the likelihood of each morbidity outcome. To validate the index IMI, we need
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Table IV. Estimates of posterior mean of the latent variable § and the IMI.

BD AC DDD BW s IMI

Yes Yes Yes 350-999 0.5598 100.0000
Yes Yes Yes 1000-1499 0.5460 97.0435
Yes Yes Yes 1500-2499 0.4580 78.1904
Yes Yes Yes 2500-5999 0.3863 62.8295
Yes Yes No 350-999 0.4523 76.9693
Yes Yes No 1000-1499 0.4308 72.3631
Yes Yes No 1500-2499 0.3207 48.7754
Yes Yes No 2500-5999 0.2390 31.2720
Yes No Yes 350-999 0.5154 90.4878
Yes No Yes 1000-1499 0.4971 86.5672
Yes No Yes 1500-2499 0.3948 64.6505
Yes No Yes 2500-5999 0.3195 48.5183
Yes No No 350-999 0.3887 63.3436
Yes No No 1000-1499 0.3660 58.4804
Yes No No 1500-2499 0.2488 33.3716
Yes No No 2500-5999 0.1613 14.6256
No Yes Yes 350-999 0.5207 91.6232
No Yes Yes 1000-1499 0.5029 87.8098
No Yes Yes 1500-2499 0.4016 66.1073
No Yes Yes 2500-5999 0.3267 50.0608
No Yes No 350-999 0.3955 64.8005
No Yes No 1000-1499 0.3730 59.9801
No Yes No 1500-2499 0.2567 35.0641
No Yes No 2500-5999 0.1694 16.3610
No No Yes 350-999 0.4655 79.7972
No No Yes 1000-1499 0.4444 75.2768
No No Yes 1500-2499 0.3355 51.9461
No No Yes 2500-5999 0.2554 34.7855
No No No 350-999 0.3291 50.5750
No No No 1000-1499 0.3053 45.4761
No No No 1500-2499 0.1795 18.5248
No No No 2500-5999 0.0977 1.0000

to show that

(a) IMI is correlated with an alternative FVI defined below.
(b) IMI is associated with IM. In our data set, we define IM as a dichotomous outcome variable

(Yes, No).

(c) IMI identifies categories of risk factors, i.e. least-square means (LSMs) of the IMI are

different between/among categories of related factors.

(d) The effects of risk factors on IMI are representative of their effects on manifest morbidity

outcomes.

(e) IMI discriminates morbidity outcome categories.

An FVI based on four manifestations is defined as follows. We count one point for each
adverse outcome of the following events: BD(Yes|No), AC(Yes|No), DDD(Yes|No), LBW(Yes|No),
VLBW(Yes|No) and ELBW(Yes|No). The FVI will have a score range from 0 to 6 by summing
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Plot of the infan morbidity index vs the face—valid index
100

90 '
80
70
60
50
40
30
20
10

0

.

oo oo oee
e o oo o

Infant morbidity index (IMI)

oo

0 1 2 3 4 5 6
face—valid index (FVI)

Figure 2. Scatterplots of the infant morbidity index (IMI) versus the face-valid index (FVI).

all points for each combination of these events. For example, if an infant falls into the cell which
corresponds to ‘yes’ for BD and AC and ‘No’ for other events, then the FVI for this infant is equal
to ‘2’; if ‘No’ occurs for all events, then the FVI is equal to ‘0’; similarly, if “Yes’ occurs for all
events, then the FVI is ‘6’. This method for defining a new single variable which is a summary of
given manifest outcomes not only provides useful comprehensive information, but also simplifies
the procedure for data analysis. It is currently applied as a summary index in data analysis for
multiple outcomes. In Section 6.1, we developed a new index IMI using LV models based on the
same outcomes on which we defined the FVI. The question is ‘how well does the IMI correlate
with the FVI?’. To answer this question, we perform a simple regression analysis in which the
IMI is the dependent variable and the FVI is the independent variable. From regression of the IMI
on the FVI, we obtain the determination coefficient RZ = 0.94, which means that in variation of
the IMI, 94 per cent can be explained by that of the FVI. In addition, we draw a scatter plot of
the FVI against the IMI (Figure 2). From this figure, we can also see the relationship between the
IMI and the FVI. These analyses show that the IMI is highly related to the FVI. This aspect of
validity of the IMI is referred to as ‘concurrent validity’ [30, 31].

As described in Section 1, BD, AC, DDD and LBW are four major outcomes that are associated
with infant morbidity and IM. The mean value of IMI associated with infants who fall into the
category of IM = Yes is 34.1 and that in the category of IM =No is 14.4. By a simple ¢-test,
we have the p-value less than 0.0001, which means that there exists a significant difference in
LSMs of the IMI between categories of IM and that the IMI can identify the pattern of IM as the
individual outcome did. So the IMI is related to IM. This aspect of validity of the IMI is referred
to as ‘predictive validity’ [31, 32]. We fit logistic regression models to compare the impact of the
IMLI, the sumscore FVI and the combination of manifest morbidity outcomes on IM. Measures of
goodness of fit of predicted models are listed in Table V. From this table, we can see that the
model with the IMI has the best goodness of fit for predicting IM (the smaller the criterion, the
better the model). Hence, the new index IMI may have the combined impact of the four individual
morbidity measures on childhood adverse outcomes such as IM.

To show (c) and (d), heath-related and sociodemographic factors, and prenatal tobacco use are
studied to assess their effects on each of BD, AC, DDD and BW and their effects on the IMI.
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Table V. Measures of goodness of fit of predicted models for infant mortality.

Variable AIC SIC —2LogL
BD + AC 4+ DDD + LBW 22988.61 23216.71 22946.61
FVI 23026.60 23222.12 22990.60
IMI 21814.87 22010.39 21778.87

AIC, Akaike information criterion; SIC, Schwarz information criterion.
The models were adjusted by the same cluster of covariates used in Table VII.

Table VI. Least square means of the IMI by categories of risk factors.

PREVFAIL Yes No
13.9 12.7
PREV12 Yes No
13.1 14.2
PREVSOME Yes No
12.8 14.7
HSSCREEN Yes No
13.5 14.2
BSEX Male Female
14.8 14.5
MSTAT Not married Married
14.9 14.3
MCAID Yes No
14.9 14.6
MEDU <HS HS >HS
15.0 14.7 14.6
MAGE >34 20-34 <20
15.2 14.6 14.5
BRACE Black White Others Hispanic
154 14.7 14.6 14.3

For convenience of analysis, we display LSMs of the IMI by each category of 10 categorical risk
factors in Table VI. From this table, we can see that infants with adverse outcomes of risk factors
have larger LSMs of the IMI than those with normal ones. Simple #-tests show that differences
of LSMs of the IMI between/among categories of risk factors are all very significant (p<0.01)
except the difference between categories of White and others in BRACE (p =0.0462) and the
one between categories of <20 and 20-34 in MAGE (p =0.0156). In fact, the latter two cases
attain 0.05 significance level. Also, we analyze the effects of SMOKE and HSSCORE on the IMI.
The IMI increases 1.6 with one more pack smoked. The effect of 2 packs/day is greater than any
other effect. For each added stressor, the IMI increases by 0.41. The effect of stress (HSSCORE)
is approximately % that of <HS versus >HS and almost equals that of unmarried status. In the
interest of brevity, we just demonstrate key results and describe others related to our purposes.
Thus, we may come to a conclusion that the IMI can identify patterns of related categorical risk
factors as well as each of the four morbidity outcomes. For convenience, we refer to this aspect
of validity of the IMI as ‘identifiable validity’. This is a new validation procedure we propose in
this study.
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Table VII. Effects of risk factors on each outcome and the IMI.

Factor Category IMI BD AC DDD BW
PREVFAIL Yes 0.45* 0.042* 0.113* 0.09* 0.04*
PREV12 Yes —0.14* —0.023 0.0095 —0.07* —0.08*
PREVSOME Yes —0.19* —0.044* —0.072* 0.01 —0.01
HSSCREEN Yes —0.14* —0.011 —0.077* —0.02 —0.09*
BSEX Male 0.06* 0.177* 0.066* 0.09* —0.11*
MSTAT Not married —0.25% —0.02 —0.0044 —0.07* —0.08*
MEDICAID Yes 0.29* 0.115* 0.067* 0.14* 0.06*
MEDU <HS 0.35% 0.069* 0.093* 0.16* 0.06*
HS 0.09* 0.0053 -0.014 —0.06* —0.01
MAGE <20 —0.08* —0.192* —0.091* —0.25* —0.06*
>34 0.59* 0.215* 0.115* 0.32* 0.19*
BRACE Black 0.7* 0.044* 0.056* 0.29* 0.33*
Hispanic —0.38* —0.0045 —0.261* —0.14* —0.23*
Others —0.13* —0.202* 0.007 —0.27* 0.06*
SMOKE 0.04* 0.0029* 0.0033* 0.01* 0.02*
HSSCORE 0.18* 0.054* 0.01 0.12* 0.12*

Note: Estimates with ‘%’ are significant.

By GLM and logistic analysis, we demonstrate the effects of 12 risk factors on the IMI and
each of individual outcomes in Table VII. We see that all risk factors have significant effects on
the IMI, but their effects on BD, AC, DDD and BW are in different cases, with some effects
significant and others not. For example, PREVFAIL, PREVSOME, Black and others of BRACE,
BSEX, <HS of MEDU, MEDICAID, MAGE, SMOKE and HSSCORE have significant effects
on BD, but other factors do not have. So are AC, DDD and BW.

Next, we will show that the effects of risk factors on the IMI are consistent with those on each
of outcomes BD, AC, DDD and BW. What we are mainly concerned about are answers to two
key questions: (1) If a risk factor has a consistent effect (positive or negative) on four morbidity
outcomes (Case 1), will it also have a consistent effect on the IMI? (2) If a risk factor does not
have a consistent effect on four morbidity indicators (Case 2), will the IMI still be able to identify
it? Here, ‘consistent’ means that a risk factor has a similar effect on all outcomes by increasing
or decreasing infant morbidity. If the answers to these two questions are both ‘Yes’, then (d)
holds. For brevity, in the rest of this section, when we mention that a factor has an effect on some
outcome variable or the IMI, we mean that it has a significant effect. Similarly, no effects mean
no significant effects. From Table VII, we can see that, overall, risk factors have consistent effects
on the IMI as those on manifest outcomes. For example, PREVFAIL increases the likelihoods
of BD, AC, DDD and LBW, it also increases the likelihood of the IMI. Hence, its effects on
manifest outcomes and the IMI are consistent. In cases of inconsistency, effects of risk factors
on the IMI are not consistent only with BW. For example, ‘male’ of baby race (BRACE) has
consistent positive effects on the IMI with those on BD, AC and DDD. Also, in these cases, the
IMI can still identify the patterns of risk factors. We would discuss this feature in the final section.
The above results show that the effects of risk factors on the IMI reflect the overall impressions
of those on the individual outcome. Thus, the use of the IMI as a single variable should not lead
to misleading interpretations of effects on morbidity outcomes. Based on our analysis, it should
be valid that the effects of risk factors on the IMI are representative of their effects on each of
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the manifest morbidity outcomes. We refer to this aspect of validity of the IMI as ‘consistent or
representative validity’, which is a new term proposed in the paper.

By simple regression of the IMI on each morbidity outcome, we arrive at determination coeffi-
cient R? between the IMI and BD, AC, DDD and BW as 0.13, 0.28, 0.43, and 0.31, respectively.
Thus, the IMI is positively related to each infant morbidity outcome. Simple tests show that the
differences of LSM’s between/among categories of each outcome are significant. This means that
the IMI can identify the patterns of the individual outcome. We may conclude that the IMI is
related to four morbidity outcomes and can discriminate their patterns, i.e. (e) holds. This aspect
of validity of the IMI is referred to as ‘discriminative validity’ [30, 33].

Hence, the IMI is correlated with an FVI of morbidity outcomes, IM and each of the individual
outcome, and can be used in future research as a measure of infant propensity for morbidity.

7. DISCUSSION

LV models have been applied in many clinical settings to describe disease in populations. Recent
applications include gerontology [26], genetics [34], medical care [35, 36], ophthalmology [37]
and cytometry [38]. Specifically in psychiatric research, LV models have been used in studies of
alcoholism [39-41], autism [42, 43], social phobias [44], schizophrenia [45], psychiatric syndromes
[46,47] and psychiatric disorder [48—51]. In this study, LV models were applied to the study of
infant morbidity, in which we developed a composite IMI based on four major outcomes BD,
AC, DDD and BW. This method for developing a composite single variable may be applied and
extended to other areas.

In Section 6.2, we show that the IMI is related to four manifest outcomes and is a summary
index. The IMI is highly correlated with a FVI and predicts IM. Also, it is predicted by risk factors
in representative and expected ways. The IMI can be used in future work as a single composite
morbidity outcome. Since it is a summary index of all outcome variables of interest, we can
use it to capture more information than each outcome variable does to identify and quantify the
effects of risk factors associated with infant morbidity. Compared with the FVI, the IMI allows
more variation among observations and can identify all the patterns of morbidity outcomes. The
single-variable analysis will not only provide a useful tool for accurate evaluation of risk factors
but also simplify the procedure for data analysis. A similar procedure can be applied to validate
the use of indices associated with other outcomes. We need to note that the validation procedure
in Section 6.2 is necessary.

Our study demonstrates an approach to development and validation of a composite index where
the LV is continuous and the observed outcomes are dichotomous or multinomial using LV modeling
and modified Gauss—Newton estimation. In fact, this approach would have been latent trait setting
since the LV § under study is continuous (we assumed that S was distributed as log-normal). This
approach can be generalized to other LV models, such as latent profile models, where the LV is
categorical and the observed indicators are continuous, and latent structure models, where the LV
and the observed indicators are all continuous. In all these LV models, the key is to associate
general health status such as infant morbidity, physical disability and mental illness status, of
which there is no single measure analogous to, say, blood pressure as a measure of cardiac output,
with the unobservable LV.

In validation analysis of the IMI, we find that the IMI can discriminate the pattern of each
outcome: BD, AC, DDD and BW. In addition, the IMI can identify categories of risk factors in
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the sense that LSMs of the IMI are different among categories of these factors. When we show
the consistency of effects of risk factors on the IMI with those on manifest variables, a problem
may occur if the effects of risk factors on manifest outcomes are not consistent. For example, in
Table VII, the ‘HS’ of risk factor MEDU does not have consistent effects on DDD and BW. It
lowers the likelihood of DDD, but increases the likelihood of LBW. In this case, it is not possible
that the effect of ‘HS’ of MEDU on the IMI is consistent with effects on both DDD and BW.
Although we cannot use this case to show the effect consistency of the IMI and manifest outcomes,
we demonstrate the usefulness of the IMI in the sense that we may use the IMI to identify a risk
factor when we cannot identify it by analysis of separate manifest outcomes.

In Table IV, estimates of the IMI are different and have regular changes associated with different
combinations of four basic outcomes. For example, the infants who are observed to have adverse
outcomes in the worst situation have the maximal value of the IMI, and the minimal value of the
IMI corresponds to the infants who fall into the pattern of best situation, i.e. the pattern of not
having adverse outcomes. It is obvious that the IMI can identify these two extreme patterns. But
whether the IMI can exactly identify all combined patterns of the observed indicators still needs
further study by repeated sample analysis or development of a procedure for testing the difference
of the IMI among different patterns of observed outcome variables. On attaining this goal, the
methodology demonstrated in this study will become widely available for use in the medical and
public health areas.
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