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Abstract

Multiple informant reports of psychopathology are often collected in studies of psychi-
atric epidemiology. Previous reports have primarily focused on methods for handling
multiple informant information when it is used to measure a psychiatric outcome in a re-
gression model. Here we deal with methods for incorporating multiple informant reports
as predictor variables (covariates) in regression modeling. In general, there is no single
appropriate analytic strategy in this setting. Approaches seen in the literature include
separate analyses by informant, inclusion of both reports in the model, or combination of
the reports (using the “OR” rule or use of concordant reports). Other approaches include
use of measurement error models and latent class analysis. We review these approaches,
discuss their relative advantages and disadvantages and illustrate them with an example
where dichotomous reports of psychopathology are used to predict mental health service
utilization in a community-based sample.
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1 Introduction

Researchers in psychiatric epidemiology often rely on the use of multiple informants to
determine psychopathology because assessment of psychopathology is inherently error
prone. With some notable exceptions, most types of psychopathology are not easily de-
scribed or classified into diagnostic categories (Verhulst 1995), and thus there is lack of
reproducibility in classification. Continuous measures may more accurately report on
an internal state, but these too are not perfect measures. These assessment problems
are particularly pronounced for research involving children (Canino, Bird, Rubio-Stipec
& Bravo 1995). By collecting reports from multiple informants, one expects that psy-
chopathology (the underlying trait of interest) can be more accurately and reliably de-
termined (Achenbach, McConaughy & Howell 1987). In the field of child psychiatric
epidemiology, multiple informant data are routinely collected because children may be
too young to provide reliable information on their cognitive state (Edelbrock, Costello,
Dulcan, Kalas & Conover 1985, Breton, Bergeron, Valla, Lepine, Houde & Gaudet 1995).
Parents and /or teachers are also asked to report on the child. Other potential informants
include mental health workers, clinicians, observers, and peers.

While multiple informant data are most often used to determine an outcome in epidemio-
logical studies, it is also commonly used as a predictor in models for some other outcome
such as service use, or some other psychopathology or disorder. In this paper we discuss
issues associated with the analysis of studies which utilize multiple informant data as
a predictor in regression models. In this section we review how multiple informants are
used in psychiatric epidemiology and give some examples of studies which utilize them. In
section 2 we describe the analysis of multiple informant data. We will consider situations
where one assumes that the informants can be thought of as interchangeable (Zahner,
Pawelkiewicz, DeFrancesco & Adnopoz 1992, Bird, Gould & Staghezza 1992)—measures
of the same underlying trait of interest—as well as the more common situation where
the informants provide overlapping but distinct information. In section 3 we apply these
methods to an example involving prediction of mental health service utilization using par-
ent and teacher reports of psychopathology and review our recommendations in section
4.

An inherent feature of multiple informant data is that one anticipates discordant reports.
If there is no discordance, the additional reports provide no new information. There are
at least two explanations for this discordance. The first posits that the discordance is
due to errors in measurement, in that psychopathology is difficult to gauge accurately
and thus multiple measurements are needed to ascertain the true internal state of a child.
This is viewed as a measurement error problem in the statistical literature. The second
approach asserts that each measurement is tapping into a different aspect of the same



trait, and each is providing unique information about the child. Verhulst (1995) suggests
that the problem is particularly severe for children, as their behavior is greatly affected
by their environment. To better understand these questions, researchers have studied
agreement between informants (Fitzmaurice, Laird, Zahner & Daskalakis 1995, Edelbrock
et al. 1985, Edelbrock, Costello, Dulcan, Conover & Kala 1986, Chilcoat & Breslau 1997,
Jensen, Xenakis, Davis & Degroot 1988, Jensen, Traylor, Xenakis & Davis 1988, Zahner
& Daskalakis 1998). Achenbach et al. (1987) performed a meta-analysis of 269 samples
from the psychological literature which calculated a measure of agreement (Pearson r’s)
for ratings between different informant types. Table 1 displays the mean correlations

Table 1: Mean correlations between informants (meta-analysis)

Parent | Teacher | MHW | Observer | Peer | Self
Parent .59
Teacher 27 .64
MHW .24 .34 .54
Observer 27 42 .57
Peer .44¢ 73
Self .25 .20 27 26 | .74°

a: pooled peers, b: test-retest
MHW: Mental Health Worker
Source: Achenbach et al., Psychological Bulletin, 1987

for each informant pair. Note that the correlations for what Achenbach calls “similar”
pairs (those on the diagonal, i.e. two teachers) are much higher than those for dissimilar
pairs (i.e. parent and teacher reports). The low correlations observed in dissimilar pairs
may be the result of differences in how children behave in different settings (Zahner
et al. 1992, Edelbrock et al. 1986). These results would suggest that informants might
be considered interchangeable only if they are both of the same type, although for parent
informants it has been shown that fathers and mothers differentially report a child’s
underlying state (Jensen, Traylor, Xenakis & Davis 1988).

There have been a number of papers which review methods to integrate reports from
multiple informants (Canino et al. 1995, Bird et al. 1992, Offord, Boyle, Racine, Szatmari,
Fleming, Sanford & Lipman 1996). One approach that is useful at the data collection
stage is to resolve discordant reports using a consensus procedure. Several studies have
utilized this technique (Schuckit & Smith 1996, Shaffer, Gould, Fisher, Parides, Trautman,
Moreau, Kleinman & Flory 1996), either by involving a third informant if the first two
disagree, or having the two informants participate in a consensus meeting.

A commonly used approach involves a separate analysis for each of the informants (Feldman

3



& Weinberger 1994, Bernstein, Cohen, Skodol, Bezirganian & Brook 1996, Gould, Fisher,
Parides, Flory & Shaffer 1996). This approach is reasonable if one of the informants is
considered “optimal”, in which case it may be possible to collect information on only
that informant (Bird et al. 1992). As a specific example, Boyle and Offord et al. used
data from 1800 participants in the Ontario Child Health Study to predict substance use
for adolescents using parent and teacher dichotomous ratings of psychopathology (Boyle,
Offord, Racine, Fleming, Szatmari & Links 1993, Offord et al. 1996). The researchers an-
alyzed each informant separately. Teacher reports of conduct disorder were significantly
associated with use of alcohol and hard drugs. Parent reports also showed associations,
but these were not statistically significant.

A third general approach used by many researchers in psychiatric epidemiology is to
combine dichotomous informant ratings using the “OR” or “AND” rules. With the “OR”
rule, a child is considered to have the trait of interest if any of the informants report its
presence (Zahner et al. 1992, Kaufman, Jones, Stieglitz, Vitulano & Mannarino 1994).
As one example, Beardslee, Wright, Salt, Drezner, Gladstone, Versage & Rothberg (1997)
describe an intervention study involving a cohort of families with young children and at
least one parent with an affective disorder. To judge the effect of the intervention on the
well-being of the children in these families, they modeled child psychopathology using as
predictors intervention status and changes in a set of parental behaviors and attitudes,
where a change was considered present if either parent scored positively for the change.
In this case the two parents are the two informants of change.

Other approaches to combine reports have been suggested. The “AND” rule considers
a child to have the trait only if all informants report its presence. A related approach
for continuous predictors involves averaging the separate continuous reports to form a
single continuous report (Allen, Kuperminc, Philliber & Herre 1994). Some researchers
have considered only the subjects with concordant reports (Marshall & Graham 1984),
dropping those subjects with discordant reports from the analysis. Another approach
includes both informant reports in the model in some situations (Bird et al. 1992). We
will now review some of the advantages and disadvantages of these approaches.

2 Analyzing data with multiple informants as predic-
tors

We will consider a simple yet common setting: we have a single dichotomous outcome Y
for each subject, and two manifest dichotomous informant reports X and Z. We consider
dichotomous reports because psychiatric epidemiologists often use diagnostic instruments



which generate a binary indicator of caseness. Murphy (1995) discusses the relative merits
of dimensional vs. diagnostic measurement.

Our example will involve parent reports and teacher reports as X and Z, respectively.
There may also be a vector (denoted in bold) of length k of other covariates W. In
some settings it is appropriate to assume that there is a dichotomous latent (unobserved)
variable corresponding to the true state of the child. We denote this true state as Q).

We can identify two classes of regression models for use with multiple informants:

1. We wish to make inferences about the conditional distribution of Y given the ob-
served (manifest) informant reports, f(Y|X, Z, W), or

2. We wish to make inferences about the conditional distribution of Y given the true
(unobserved or latent) child psychopathology, f(Y|Q, W).

The interpretation of these models is different. In the former (usual) case, we are inter-
ested in the actual report—even though it may be “noisy” —because we are interested in
prediction using information available to clinicians and researchers. In the latent vari-
able case, we want to gauge the effect of the true, but unobserved construct. Given this
setting and these classes of regression models, we will now describe the advantages and
disadvantages of the various approaches which we have cataloged.

2.1 Approaches using the manifest variables

We will begin by considering one of the simplest approaches: fitting multiple models, each
using only one informant report. This approach may also be taken if there is particular
interest in the different informants, if one informant is considered to be superior to other
informants (an optimal informant (Loeber, Green, Lahey & Stouthamer-Loeber 1989)),
or because of complications arising from missing data for other informants.

We may first wish to consider whether regression estimates are sensitive to a particular
informant; i.e. is

E(Y|X,W) = E(Y|Z,W)? (1)

As one test for sensitivity, consider fitting the linear logistic model (though other models
may be considered):

oo ([0 )1) = (0 25025572, )
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where the outcome is paired with the separate informant reports. We are interested in
testing:
7o
Hy:v=| m | =0 (2)
Y2

If the null hypothesis of equal coefficients is rejected, then the linear logistic regression
models are sensitive to the choice of informant: that is, the association between the
informant reports and the other factors in the study—including the outcome—varies by
informant. This would suggest that reporting the results based only on one informant
may be misleading.

In the case where the test of sensitivity does not reject, it may be reasonable to consider
the informants to be replicate measurements of an underlying trait. We are interested
in the effect of the true underlying trait, but only observe that trait with some random
misclassification. In simple situations, it can be shown that non-differential measurement
error (i.e. the probability of mis-measurement does not depend on other study vari-
ables (Greenland 1980)) biases parameter estimates towards the null (Carroll, Ruppert &
Stefanski 1995). Most analyses, however, are more complicated than these situations, and
parameter estimates are not always attenuated to the null. In a multiple regression setting
with multiple covariates measured with error, the bias may be in any direction (Carroll
et al. 1995). In this situation, besides being an inefficient use of resources, utilizing only
one informant report in the regression model does not take into account this bias due to
measurement error. A variety of ad-hoc approaches have been suggested which attempt
to address this problem.

Use of the “OR” rule, the “AND” rule or concordant pair analysis attempts to reduce
measurement error by utilizing the information in the separate reports to construct a
report that is presumed to be more accurate. The “OR” rule is thought to mimic the
process used by clinicians to reconcile discordant reports, though clinicians differentially
weight the contributions from each informant, and have the advantage of training, ex-
perience and intuition to inform their decisions (Bird et al. 1992). It is hoped that the
combined report will have little or no residual measurement error. Brenner & Blettner
(1993) performed a series of simulation studies to determine the performance of these
combination rules under a common set of assumptions. They found that for the “OR”
and “AND” rules, parameter estimates were attenuated towards the null, but that the
combined reports had less attenuation than models using a single individual report. Be-
sides being inefficient (Walter 1984) because data from discordant pairs are dropped from
the analysis, Brenner & Blettner (1993) showed that an analysis using only concordant
pairs yields an overestimate for the effect of that variable (i.e. the analysis was biased
away from the null).



Another approach suggests using both informants, possibly including an interaction be-
tween the informants. This model can be parametrized as:

lOglt (E [Y;]) = Qg + OélXZ‘ + OCQZZ‘ + OégXZ'Zi. (3)

This is equivalent to fitting a saturated model for the 2 x2 = 4 possible informant patterns.
Although more complicated models might allow these informant effects to vary by other
covariates, to simplify our exposition we do not further consider these models. If the goal
is to control for psychopathology of the child, then fitting the saturated (four parameter)
model is the best model using manifest (observed) covariates. This approach has the
disadvantage of being complicated to interpret, as well as ignoring measurement error
remaining after observing the multiple informant reports. Several authors have noted
that such a model does not completely adjust for residual measurement error (Brenner
1992, Kaldor & Clayton 1985), and they suggest the use of an explicit model which
incorporates measurement error.

It is possible to test whether it is reasonable to collapse over the discordant reports with
the test:
H() L0 = (g,

This test is similar to a test that ; = 0. If this null hypothesis is not rejected, then it
may be plausible to fit a model with two parameters (in addition to the intercept), one for
a single report, and one for the group with two positive reports. Further simplifications
are possible, since the “OR” and “AND” rules are special cases of this model with certain
constraints. The “OR” rule is equivalent to setting a; = as = —a3, and the “AND” rule
is equivalent to setting a; = ay = 0. Each of these models has one parameter in addition
to the intercept, and the adequacy of the “OR” or “AND?” rules can be tested using the
appropriate linear combinations of ay, as and az. For example, to test the adequacy of
the “OR” rule, a 2 df Wald test or likelihood ratio test can be used.

2.2 Measurement error and latent class models

There is an extensive literature dealing with approaches to correct for the bias intro-
duced by measurement error (see Bashir & Duffy (1997) for a comprehensive review).
If auxiliary information is available about the extent and type of non-differential mea-
surement error, it is possible to make a correction for this bias, and many authors have
proposed techniques using differing approaches and assumptions (Rosner, Spiegelman
& Willett 1990, Liu & Liang 1991, Rosner, Spiegelman & Willett 1992, Richardson &
Gilks 1993, Kuha 1994, Haukka 1995, Forbes & Santner 1995). In general these ap-
proaches require auxiliary information, such as a validation study or a reliability study.



A validation study presupposes that there is some underlying truth, and there exists
a “gold standard” measurement that may be expensive or time consuming to adminis-
ter, and hence is not available for all subjects. For some subjects, data are collected
on both the cheaper, less accurate measure as well as the “gold standard”, and this in-
formation is used to correct for measurement error bias. This approach was used by
Rosner et al. (1990), who used a first-order Taylor series approximation to correct the
parameter estimates and variance estimates for mismeasured continuous covariates in a
logistic regression. It is common for nutritional epidemiologists to consider a food diary
to be such a “gold standard”, as opposed to the easier to obtain but less accurate food
questionnaire. Holford & Stack (1995) use the term “alloyed gold standard” to these
all-too-common situations where we do not have a measure without fault. Wachholder,
Armstrong & Hartage (1993) cautioned that measurement error corrections which assume
a gold standard may yield substantial bias when there is no true gold standard.

In many settings—and in general in child psychiatric epidemiology—there may be no
“gold standard”, and hence it is not feasible to carry out a validation study. Instead, a
reliability study may be performed. A reliability study involves the collection of multiple
observations for each covariate measured with error, and uses this information to estimate
the true relationship between the covariates and the outcome. This presupposes that if it
were possible to observe an infinite number of observations of the same continuous trait,
the average of these observations would yield a perfect estimate of the truth. Rosner et al.
(1992) suggested an approach for this setting which generalized their previous work to a
setting with a replication study.

There are problems with use of these measurement error models in child psychiatric
epidemiology. These models generally assume that the measurement error variance is
relatively small, and often make other assumptions that may not be realistic in prac-
tice. For example, the approach of Rosner et al. requires a rare disease assumption
(P(outcome)< 0.05) as well as continuous measures. There are also design issues to be
considered. For both the validation and replication models, it is generally assumed that
multiple measurements will be taken on only a small subset of the study population.
This is in contrast to the usual multiple informant setting, where in general multiple
informants reports are gathered for all subjects, apart from unintended missing data.
Collecting multiple measurements on all subjects may be an inefficient use of resources,
since it is usually possible to estimate the attenuation parameters with auxiliary informa-
tion from only a subset of subjects. More seriously, the assumption that the informant
reports are interchangeable is not always tenable.

Latent class models (Goodman 1974, Formann & Kohlmann 1996) offer another approach
to handling measurement error when multiple reports are available but no gold standard
exists. These models assume that the true underlying value cannot be directly observed,



but this value is related in some fashion to observable discrete quantities. Unlike latent
variable models, which allow the existence of a continuous unobserved variable, latent
class models presume that the unobserved variable takes on a discrete number of values,
or classes. For example, a single dichotomous latent class variable corresponds to two
latent classes. Given certain assumptions (to allow identifiability), latent class models
allow the calculation of the probability that a subject is in a given latent class.

Latent class models have been adapted to the binary regression setting with multiple
measurements of exposure and where interest centers around estimation of relative odds
of true unobserved exposure (Walter 1984). Identifiability of these models is problematic;
in general analytic solutions are not available. Formann & Kohlmann (1996) report that
two classes are usually identifiable if four dichotomous manifest variables are observed,
but that even in this setting identifiability depends on characteristics of the data set under
investigation. Thus, when there are only two dichotomous observations on exposure per
individual, a number of constraints are needed to identify the model (Walter & Irwig 1988).
For the setting where two observations are taken on each individual, and there are two
groups, Walter and Irwig assumed that the sensitivity and specificity were constant across
populations. Drews, Flanders & Kosinski (1993) generalized this model to allow the
errors of the tests to be dependent (though the parameters governing this association are
assumed to be known), and proposed an EM algorithm (Dempster, Laird & Rubin 1977)
to fit their model.

Kaldor & Clayton (1985) proposed a latent class model to address misclassification of
exposure in epidemiological studies. Their approach assumes that conditional on the
true exposure, the measurement errors of the two informants are independent, and that
these errors are independent of the outcome of interest and the other covariates. More
formally, let my be the actual number of individuals in a given category v = (y, z, z, w, q)
where y is the outcome, x and z are the informant reports, w is a vector of discrete
covariates, and ¢ is an unobserved latent class. In a setting with a dichotomous outcome,
two dichotomous informant reports, k& dichotomous covariates, and a single dichotomous
latent variable (corresponding to two latent classes), v will take on 2'72T%*1 different
values. The observed data can be represented by a 2+2+* contingency table, since we are
only able to observe my,,, (i.e. the counts summed over the unobserved variable). We
can model these counts with a log-linear model, where uy = E[my| and log(uy) is linear
in parameters which describe main effects and interactions of the parameters. For the
case-control setting with multiple measurements of an exposure and a single W, Kaldor
and Clayton suggested models of the form:

log(uy) = 040} +0) + 07 +07 +62 + 0.0+ 072 + 002 + 0,2+ 07"
We can represent this model using the following notation:

XQ/ZQ/WQIYQ/YW
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where the existence of an interaction presumes the inclusion of the main effects of variables
in that interaction. This model assumes that conditional on the true latent class Q, X
and 7Z are independent of both W and Y and each other. In these models, our primary
interest relates to the parameters Y@ (the interaction between the outcome and the
latent class) and YW (the interaction between the outcome and the covariates). To fit
models corresponding to logistic regression models for Y on W and Q, we must include
the saturated WQ interaction. In this case we can interpret QEQ as the log odds for
the relationship between the outcome and the latent measurement of exposure. Because
of this saturated model for the covariates, it may be difficult to fit models for which
the dimension of w is large or the latent class takes on more than two values (Dawid
& Skene 1979). Another limitation of this approach is that the model requires discrete
covariates since it utilizes a log-linear model for the cell counts.

Kaldor and Clayton proposed using the EM algorithm to fit the model by augmenting
the observed data to include the latent dichotomous variable. This approach is equiva-
lent to Ibrahim’s EM by method of weights (Ibrahim 1990), where the missing covariate
(the latent class variable) is never observed. At convergence, it is possible to estimate
the probability that a subject is in a given latent class given their covariate values and
outcome.

Examples of the use of latent class models in the literature include estimation of smok-
ing experimentation in children (Fergusson & Horwood 1989), modeling of nicotine with-
drawal in women (Madden, Bucholz, Dinwiddie, Slutske, Bierut, Statham, Dunne, Martin
& Heath 1997), and creation of clusters of social, demographic and maternal characteris-
tics which predict medical service use (Baker & Taylor 1997).

3 Example: Mental Health Service Utilization

3.1 Methods and Measures

We will illustrate these methods with a predictive model of service utilization for a sample
of children in New Haven and Eastern Connecticut. The investigators collected informa-
tion on psychopathology from both parents and teachers as predictors of use of school-
based mental health services. A full description of the methods and dataset have been
published previously (Zahner, Jacobs, Freeman & Trainor 1993, Zahner et al. 1992, Zah-
ner & Daskalakis 1997). In 1986-87 a random sample of 6-11 year olds was taken from 54
schools in New Haven. In 1988-89 a multistage cluster sample was taken from 83 schools
nested within strata consisting of small cities, suburban areas, or rural areas. Response
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rates from parents ranged from 70% of those with valid addresses in New Haven to 72%
of those with valid addresses in eastern Connecticut. In this example, we will consider
1382 children with complete data from both parent and teacher informants.

The outcome of interest in this study is mental health service utilization in school-based
settings. Service use was defined as a parental report that the child had ever seen a
provider or been in a special program at school for a behavioral problem. If the service
was used, the outcome was coded 1, and coded 0 otherwise.

In this example, predictors of service use include mismeasured variables of symptoms and
impairment that were collected from multiple informants, as well as two variables (age
and sex) that were obtained from administrative records and verified by parents and are
assumed to be free of substantial measurement error.

We created a dichotomous report of psychopathology symptoms (SYMPAR and SYMTCH
for parents and teachers, respectively) from the Child Behavior Checklist (CBCL (Achenbach
1991a)) and Teacher Report Form (TRF (Achenbach 1991b)) total problems score (set
equal to 1 if the t-score is greater or equal to 60, the published cutpoint for border-
line/clinical psychopathology). The discretized report is being used in an exploratory
fashion to illustrate the example; Achenbach (1991a) discusses some of the advantages
and disadvantages of using a specific categorical cutpoint. We note that there can be

a loss of information from arbitrary dichotomization of continuous variables; we do not
further consider this issue.

Dichotomous reports of impairment were collected from parents (IMPPAR) and teachers
(IMPTCH) by asking whether current problems on the checklist prevented the child from
doing other things that other children of the same age do. Other covariates of interest
include age (OLD: 0=age 5-8, 1=age 9-11) and child gender (BOY: 0=girl, 1=boy). Table
2 displays the means for these covariates.

Table 2: Mean of covariates

Variable Mean
OUTCOME | 0.164
BOY 0.491
OLD 0.479

SYMPAR 0.187
SYMTCH 0.178
IMPPAR 0.030
IMPTCH 0.081
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Table 3 displays the agreement (assessed by Cohen’s k) between the dichotomized CBCL

Table 3: Cross-tabulation of teacher and parent reports of symptoms and impairment

Symptoms (total problems) Impairment
PARENT | TEACHER REPORT || PARENT | TEACHER REPORT ‘
REPORT | 0 1 REPORT 0 1
0 977 147 0 1242 28
1 159 99 1 99 13

and TRF reports for symptoms and impairment. The agreement between the symptom
variables was fair (Landis & Koch 1977) (k = 0.26). Zahner & Daskalakis (1998) have
explored sources of informant variance for parent and teacher reports of symptoms in this
sample. They found that age, sex, academic functioning, perceived need for treatment and
mental health provider preference were predictors of agreement. The agreement between
the impairment variables was slight (k = 0.13). We note that the impairment measure is
a low prevalence item, particularly for teachers.

Table 4 displays the correlation between the informant reports and the covariates. Note

Table 4: Correlations between predictors

OLD | BOY | SYMPAR | SYMTCH | IMPPAR
BOY -0.034
SYMPAR | 0.005 | 0.024
SYMTCH | -0.003 | 0.088 0.258
IMPPAR | 0.037 | 0.042 0.190 0.108
IMPTCH | -0.014 | 0.059 0.164 0.340 0.151

that the highest correlation (0.340) is between the teacher reports of impairment and
symptoms, and that none of the correlations is large in magnitude.

3.2 Regression using manifest outcomes

We will begin by considering models utilizing the manifest variables. If we believe that
the informants are measuring different constructs, then it may be appropriate to fit sep-
arate models, or include both informants in the model. If we believe that the informants
are measuring the same construct, then a reasonable approach would involve a combi-
nation of the informant reports (using for example the “OR” and “AND” rules). Table
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5 displays the parameter estimates and standard errors for both types of models, along

Table 5: Parameter estimates (and standard errors) for logistic regression models using
manifest variables

Parameter Parent Teacher P+T OR rule AND rule
BOY 0.50 (0.15) | 0.43 (0.15) | 0.45 (0.16) | 0.41 (0.16) | 0.52 (0.16)
OLD 0.42 (0.15) | 0.50 (0.15) | 0.48 (0.16) | 0.52 (0.16) | 0.44 (0.15)
SYMPAR 1.37 (0.16) 1.13 (0.17)

SYMTCH 1.09 (0.18) | 0.82 (0.19)

SYMOR 1.21 (0.16)

SYMAND 1.88 (0.23)
IMPPAR 1.29 (0.34) 1.00 (0.37)

IMPTCH 0.89 (0.23) | 0.71 (0.25)

IMPOR 0.98 (0.21)

IMPAND 2.19 (0.75)
adj.pseudo- R? 0.14 0.12 0.18 0.15 0.13

with the generalized coefficient of determination (pseudo-R?) (SAS Institute 1996). The
generalized coefficient of determination is defined as:

where L(0) is the likelihood for the intercept only model, L(3) is the likelihood for
the model of interest, and n is the number of observations. The adjusted coefficient of
determination is normalized such that it can achieve a maximum value of 1, and represents
the proportion of variation accounted for by the model. We note that models with parent
information have slightly higher pseudo-R? values than those with teacher information,
and that the model with both sets of reports has a higher value than the models which
use the “OR” rule or the “AND” rule. We also note that each informant remains a
significant predictor even with the other informant included in the model, suggesting that
informants provide different information. The coefficients for informant using the “AND”
rule is higher than for the other models, but this coefficient also has a larger standard
error than in the other models.

We also fit a model which included the interaction between parent and teacher reports
of symptoms (SYMPxT) and parent and teacher reports of impairment (IMPPxT), but
neither of these interactions were statistically significant. From this model, however, we
can statistically test whether the “OR” rule fits by applying the constraints:

SYMPAR = SYMTCH = —SYMPxT,
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IMPPAR = IMPTCH = —IMPPxT,
or whether the “AND” rule fits by applying the constraints:

SYMPAR = SYMTCH = IMPPAR = IMPTCH = 0.

The test of the “OR” rule yielded a test statistic of 32.06, which under the null hypothesis
is distributed as a x2, p < 0.0001. The test of the “AND” rule yielded a test statistic of
39.28, which under the null hypothesis is also distributed as a x2, p < 0.0001. Neither of
these combinations rules appear to be a good fit to the observed data, though the pseudo-
R? values for these combination rule models are comparable to those of the models which
use just a single informant.

3.3 Sensitivity of regression models to choice of informant

We can examine sensitivity of the regression estimates to the different informants. We
constructed a dataset with two records per child with the same outcome for each child,
but different predictors. We tested the null hypothesis that v = 0 using a generalized
estimating equation approach with an independence working covariance structure and
a “sandwich” variance estimator (Liang & Zeger 1986) to account for the association
between the outcomes. The parameter and standard error estimates for this model can
be found in Table 6. Our test of 4 = 0 yielded a test-statistic x2 = 8.26, p = 0.143. This

Table 6: Test of Sensitivity of Informant reports

Parameter Estimate | SE | Z-score | p-value
6o | INTERCEPT -2.554 ] 0.156 | -16.35 | 0.0001
B, | SYMPTOM 1.372 0.167 | 8.20 0.0001
IMPAIR 1.180 0.400 | 2.96 0.003
B, | OLD 0.463 0.155 | 2.99 0.003
BOY 0.510 0.155 | 3.30 0.001
Yo | INFORMANT 0.067 | 0.076 | 0.88 0.38
v, | INF*SYMPTOM | -0.282 |0.214 | -1.31 0.19
INF*IMPAIR -0.292 | 0.439 | -0.67 0.51
v, | INF*OLD 0.034 0.052 | 0.65 0.51
INF*BOY -0.075 | 0.052 | -1.44 0.15

does not provide much evidence to reject the hypothesis that the regression equation is
insensitive to the choice of informant. This agrees with our finding that the coefficients
of OLD and BOY are not sensitive to choice of informant model. However, the power of
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this test may be low, so subject area knowledge should also be used in determining the
appropriate analysis.

3.4 Latent class models

We next considered models which condition on the latent (unobserved) reports of symp-
toms and impairment. Kaldor & Clayton (1985) assumed that conditional on the true
latent class, the informant reports are independent of each other, the outcome, and the
other covariates. These model were fit using a SAS macro (SAS Institute 1996) which
calculated the expected value of the latent variable and maximized the resulting log-linear
model (using the augmented data) at each step of the iteration.

We were interested in a model with two latent classes as predictors: one for symptoms and
one for impairment, but this model cannot be fit without assuming unrealistic constraints
given only two informants. Instead, we fit a model which included SYMOR and which
modeled impairment with a latent variable, and a parallel model which included IMPOR
and modeled symptoms as a latent variable. Neither of these models reliably converged,
possibly due to the low prevalence of impairment reports and their correlation with the
symptom scores. We next fit a model which included age and sex as predictors, along with
a latent variable with 2 classes for symptoms. Table 7 displays the parameter estimates
for this model (with 2000 bootstrap samples used to estimate standard errors (Efron &

Table 7: Selected parameter estimates with bootstrap standard error estimates for latent
class model for symptom scores
Parameter Estimate | StdErr
BOY 0.42 0.21
OLD 0.43 0.22
SYMLATENT 2.78 0.36

Tibshirani 1993)). The results in Table 7 are consistent with those of Table 5. The
SYMLATENT parameter (the log odds ratio of the relationship between the outcome
and the latent informant report) is larger, though all the estimated standard errors for
these coefficients are also larger.

Table 8 displays the probability of being in the latent class associated with psychopathol-
ogy for each combination of outcome and covariate. We note that for subjects with no
service use and no reports of symptoms, the estimated proportion in the latent class as-
sociated with psychopathology is low (ranging from 0.008 to 0.011). For subjects who
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Table 8: Estimated probability of being in latent class associated with psychopathology

OUTCOME | OLD | BOY | SYMPAR | SYMTCH | Probability
0 0 0 0 0 0.008
0 0 0 0 1 0.114
0 0 0 1 0 0.148
0 0 0 1 1 0.741
0 0 1 0 0 0.009
0 0 1 0 1 0.126
0 0 1 1 0 0.163
0 0 1 1 1 0.762
0 1 0 0 0 0.008
0 1 0 0 1 0.114
0 1 0 1 0 0.147
0 1 0 1 1 0.740
0 1 1 0 0 0.011
0 1 1 0 1 0.151
0 1 1 1 0 0.193
0 1 1 1 1 0.798
1 0 0 0 0 0.106
1 0 0 0 1 0.661
1 0 0 1 0 0.723
1 0 0 1 1 0.977
1 0 1 0 0 0.117
1 0 1 0 1 0.686
1 0 1 1 0 0.746
1 0 1 1 1 0.980
1 1 0 0 0 0.105
1 1 0 0 1 0.660
1 1 0 1 0 0.723
1 1 0 1 1 0.977
1 1 1 0 0 0.140
1 1 1 0 1 0.729
1 1 1 1 0 0.783
1 1 1 1 1 0.983

16



used services but had no report of symptoms, the proportions ranged from 0.106 to 0.140.
These estimated proportions give some sense of the magnitude of measurement error es-
timated in this model. We can consider how to combine symptom reports by considering
the proportions in the latent class given parent and teacher reports of symptoms. A sin-
gle teacher report had lower estimated proportion than a single parent report, but this
difference was small in magnitude. We can consider the effect of using the “OR” rule or
the “AND” rule from this table as well. For subjects with no report of service use, the
“AND” rule seems appropriate, since the estimated proportion for subjects with 2 posi-
tive reports of symptoms is much higher than that for subjects with just a single positive
report. Similarly, for subjects with a report of service use, the “OR” rule seems appro-
priate. Since different rules are needed for the different values of the outcome, neither of
these combination rules seems appropriate in this example.

4 Discussion

In this paper we have reviewed a number of approaches for the use of multiple informants
as dichotomous predictors in regression models. The general lack of agreement between
multiple informants highlights the need for a variety of approaches to analysis. The
researcher must explore the sensitivity to underlying assumptions of different methods
which take into account the measurement error inherent in assessing psychopathology.
This measurement error tends to weaken observed associations by attenuating parameter
estimates towards the null, but the bias is not always predictable. Attempts to combine
multiple informants using ad-hoc methods such as the “OR” or “AND” rules tend to
decrease, but not eliminate, this bias. These rules have the advantage of yielding more
parsimonious models, at the cost of some loss of predictive ability. For our example, we
note that each informant remains a strong predictor even in the presence of the other in
the model, which suggests that they provide separate information.

Approaches such as Kaldor and Clayton’s latent class model provide a conceptually at-
tractive method for dealing with multiple informants in the measurement error setting.
Fergusson & Horwood (1989) studied maternal and child reports of maternal and child
smoking. Use of latent class models for the correction of measurement errors in those
reports resulted in a substantial increase in the strength of association between these
variables. We believe that latent class approaches are the preferred approach when the
underlying assumptions are reasonably met, but in general this requires more data (i.e.
more than two informants) than is generally available in most investigations. These mod-
els are not panaceas: they add computational difficulty to model-fitting, complexity to
model-interpretation and in our example, did not always converge (perhaps due to the low
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base rate of impairment). The former problem, while a nuisance, is alleviated by faster
computers, though the number of nuisance parameters to be fit may limit the number
of covariates that can be included in a model. In our example, this limitation precluded
our ability to fit models with both reports of symptoms and impairment. We concur
with the suggestion of Formann & Kohlmann (1996) that perhaps the best use of latent
class analysis may be to understand misclassification rates and shed light on how best to
combine information from multiple informant reports.

The assumptions underlying the latent class models—like any modeling assumptions—
must be carefully considered to ensure valid results. Brenner (1992) found situations
where positive error correlation between the dual measurements led to biased latent class
estimates. We believe that in our setting, with parents and teachers providing separate
reports, the conditional independence assumption is plausible, but this question needs to
be considered in each analysis.

We suggest the following guidelines for use of multiple informants as a predictor:

e It is possible to indirectly test whether informants are reporting on the same un-
derlying construct, but these tests may not have much power, and subject area
knowledge should be brought to bear on this question. The answer to this question
will help to guide the analysis.

e If the informants provide distinct information (i.e. may be measuring different
underlying constructs) then separate models may be appropriate to report if the
effect of the individual informant is of primary interest. If the goal is to control for
the variable reported by the multiple informants, then the model with both sets of
reports works well.

e For settings where the informants are both reporting on the same underlying con-
struct, it is appropriate to consider combining the reports using the “OR” rule (an
ad-hoc approach) or to use latent class models (which require more assumptions).

e Latent class models are particularly well suited to settings where interest revolves
around a single unobserved construct and there are many manifest reports. With
only two informants, many assumptions are needed to fit these models.
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