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Multiple Regression Analysis of Twin Data:
A Model-Fitting Approach
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The multiple regression methodology proposed by DeFries and Fulker
(DF; 1985, 1988) for the analysis of twin data is compared with maxi-
mum-likelihood estimation of genetic and environmental parameters from
covariance structure. Expectations for the regression coefficients from
submodels omitting the h? and ¢? terms are derived. Model comparisons
similar to those conducted using maximum-likelihood estimation proce-
dures are illustrated using multiple regression. Submodels of the aug-
mented DF model are shown to yield parameter estimates highly similar
to those obtained from the traditional latent variable model. While max-
imum-likelihood estimation of covariance structure may be the optimal
statistical method of estimating genetic and environmental parameters,
the model-fitting approach we propose is a useful extension to the highly
flexible and conceptually simple DF methodology.
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INTRODUCTION

DeFries and Fulker (DF; 1985, 1988) proposed a multiple regression
analysis of twin data that is very simple to employ, but also highly
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flexible. The basic model in which a cotwin’s score is regressed on that
of the proband’s and the coefficient of relationship [1.0 for monozygotic
(MZ) and 0.5 for dizygotic (DZ) twin pairs] provides a powerful test for
genetic etiology in samples where the proband was ascertained because
of a deviant score on a particular measure. The augmented model, in
which the interaction term between the proband’s score and the coeffi-
cient of relationship is added to the basic model, yields direct estimates
of heritability (h?) and shared environmental variance (c?). With the
addition of other interaction terms, this multiple regression model can
be easily extended to test for differential heritability as a function of
various independent variables such as age (Wadsworth et al., 1989),
gender (DeFries et al., in press), and level of the phenotype (Detterman
et al., 1990; Cherny et al., 1992). Using restriction fragment length
polymorphism (RFLP) markers, the model has also been extended to
detect linkage to quantitative trait loci (Fulker et al., 1991). Due to its
simplicity, ease of application, and flexibility, the DF method is now
frequently employed as an alternative analysis of twin data (Plomin and
Rende, 1991).

One apparent advantage to using conventional model-fitting proce-
dures over DF analysis is that the estimates of 42 and ¢? are constrained
to be sensible; i.e., all proportion of variance components will not be
negative or exceed unity. The DF method does not guarantee this to be
the case. If, for example, the MZ correlation is more than twice the DZ
correlation, the estimate of ¢ will be negative and that of 42 may exceed
unity. Conversely, if the DZ correlation exceeds the MZ correlation, the
h? estimate will be negative. However, the DF methodology can be used
to constrain estimates of 42 and ¢? in a manner similar to the maximum-
likelihood (ML) structural equations approach. Such constrained esti-
mation of genetic and environmental parameters using the DF method
was first reported by Cyphers et al. (1990).

The primary objectives of the present short report are threefold: (1)
to derive expected regression coefficients when either 42 or ¢? is con-
strained to be zero; (2) to compare estimates obtained using the DF
method with those obtained from ML estimation of genetic and environ-
mental parameters; and (3) to illustrate how the DF method can be used
in a manner similar to the more conventional model-fitting procedures.
Tests of 42 and ¢? are available with both methods. We show that if
either 42 or ¢? is not significant, that parameter can be omitted from the
model and the other parameter can be estimated under the constraint that
the former is not present. This results in parameter estimates similar to
those obtained from ML estimation under a similarly constrained model.
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MODEL

The augmented DF regression model for estimating A2 and ¢? is
C =5bP + bR+ b;PR + 4 1
where

C =cotwin’s score

P =proband’s score

R =coefficient of relationship (1.0 for MZ twins and 0.5 for DZ
twins)

A =intercept

LaBuda er al. (1986) derived the expectations for the partial regression
coefficients and showed that b; and b5 yield unbiased estimates of ¢? and
h?, respectively. They formulated the regression equation in terms of the
expected variances and covariances as

SxB = Syy @)

where Sy is the expected covariance matrix among the independent var-
iables and Sy, is the vector of expected covariances of the independent
variables with the dependent variable. The expected regression coeffi-
cients, B, were derived by solution of Eq. (2):

B = S7!Sy 3)

The means of the MZ probands and DZ probands are expected to be
equal and the MZ and DZ cotwin means are expected to equal those of
the probands in an unselected 'sample. Under the assumption of equal
means, the expected variances and covariances which LaBuda et al.
derived for the augmented model reduce to

P R PR
P V. 0 n_l.i]_vfl/_% v
PR 1/16 0
nq + n2/4
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and
C
+ 2
P ny an/ v, + W
Sxv = R &)

PR 0

ny, + n,/4 ny + ny2

N 4 N €

where n; and n, are the number of MZ and DZ pairs, respectively, and
N = nq + no.

If the interaction term is omitted from Eq. (1), the following equation
results:

C=bP+bR+A (6)

Omitting the last row and column from S, and the last element of Sy,
gives the expected covariance matrices of the variables in this model.
Substituting these matrices into Eq. (2) and solving for B yields the
following expectations for b; and b,:

m+nl2V, W

In the absence of genetic variance, the expectation for b, reduces to
VelVp = 2.

Similarly, the b; term can be omitted from Eq. (1), resulting in the
equation

B = ™)

C=b,R + bsPR + A (8)

The expectations for b, and b5 are derived in the same manner as the
expectations for b; and b, in Eq. (6). Omitting the first row and column
from Sy and the first element of Sy, gives the expected covariance ma-
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trices of the variables in this model. Substituting these matrices into Eq.
(2) and solving for B yield the following expectations for b, and bs:

b,

0
- (§+”_1+”2/2Kc) ®
AV, ' n, +n/4V;

_In the absence of shared environmental variance, the expectation for bs
reduces to V,/Vp = h2.

METHOD

Subjects were 110 MZ and 75 same-sex DZ twin pairs constituting
the control sample from the Colorado Reading Project (DeFries et al.,
1991). Equations (1), (6), and (8) were fitted to Wechsler Intelligence
Scale for Children—Revised (WISC-R; Wechsler, 1974) Full-Scale IQ
data and to data from the Reading Comprehension and Reading Rec-
ognition subscales of the Peabody Individual Achievement Test (PIAT;
Dunn and Markwardt, 1970). Each twin’s score was entered twice —
once as proband and once as cotwin. In an unselected population such
as this, either member of the pair could be designated the proband.
In such a situation, parameter estimates using the DF models with
double-entered data are unbiased. Of course, standard errors must then
be adjusted for the correct degrees of freedom by multiplying them
by \/(df double-entered/df single-entered).

ML estimates of A2, ¢, and e? were also obtained by fitting the
standard G, C, E model (see, e.g., Heath er al., 1989; Neale et al.,
1989) to the observed twin variance/covariance matrices (from single-
entered data) using the structural equations program LISREL (J6reskog
and Sérbom, 1989). Models omitting, and therefore testing for, A2 and
2, corresponding to the models estimated using Eqs. (6) and (8), were
also fitted to the data.

RESULTS AND DISCUSSION

The MZ and DZ variance/covariance matrices for all three measures,
along with the correlations, are presented in Table 1.

The results from both the DF and the ML model-fitting procedures
for the WISC-R and PIAT Reading Comprehension (RC) and Reading
Recognition (RR) data are presented in Tables II, III, and IV, respec-



494 Cherny, DeFries, and Fulker

Table 1. Variance/Covariance Matrices with Correlations Above the Diagonals

Reading Reading
WISC-R comprehension recognition

Twin 1 Twin 2 Twin 1 Twin 2 Twin 1 Twin 2

MZ
Twin 1 140.0 .80 56.1 47 38.1 .60
Twin2  103.9 119.7 26.5 56.2 23.7 41.5
DZ
Twin 1 109.0 .54 60.3 .39 36.0 .25
Twin 2 58.5 107.6 22.4 54.9 8.6 32.7
Table II. Model Comparisons Using the Two Methods: Full-Scale I1Q
Model h? c? e? NPAR Ry FIAx? df P
Full
DF 52 .28 .20 3 .518
ML .43 .36 .21 3 2.87
Drop h?
DF .00 .70 .30 2 502 5.83 1,181 <.02
ML .00 71 .29 2 13.92 11.05 1 <.001
Drop ¢?
DF .83 .00 17 2 512 2.26 1,181  >.10
ML .79 00 .21 2 6.81 3.94 1 <.05

Table III. Model Comparisons Using the Two Methods: Reading Comprehension

Model h? c? e? NPAR R?/x? FlAx? daf p
Full
DF 15 31 54 3 .190
ML .18 .29 .52 3 0.22
Drop k2
DF .00 .43 57 2 .189 0.32 1,181 > .55
ML .00 44 .56 2 0.88 0.66 1 > .40
Drop ¢?
DF 51 .00 .49 2 .182 1.87 1,181 > .15
ML .50 .00 .50 2 2.15 1.93 1 > .15

tively. Estimates of 42, ¢2, and e? are similar using both methods of
estimation, except for RR, where the MZ correlation exceeds twice the
DZ correlation, resulting in a negative estimate of ¢? using the DF method.
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Table IV. Model Comparisons Using the Two Methods: Reading Recognition

Model h? c? e? NPAR R3/y? FIAY? df P
Full
DF 73 —-.13 .40 3 249
ML .58 .00 42 3 1.34
Drop A2
DF .00 46 .54 2 219 7.42 1,181 < .01
ML .00 47 .53 2 8.75 7.41 1 < .01
Drop ¢?
DF .58 00 42 2 .248 0.34 1,181 > .55
ML .58 00 42 2 1.34 0.00 1 1.00

The differences in parameter estimates may be attributed to differences
in the ways the two estimation procedures pool, or equate, MZ, DZ,
Twin 1, and Twin 2 variances. As expected, the two methods yield
virtually identical parameter estimates (except for the RR data) when the
ML models are fit to correlations rather than covariances.

Tests of 42 and ¢? using the DF method were conducted via F test
of the difference in squared multiple correlations (R?) between the full
model and the model without the A2 or ¢? term in the equation. This is
analogous to the difference chi-square test of ML model-fitting. These
F statistics were computed using the true (single-entered) sample size
rather than the double-entered sample size. The DF and ML tests yielded
the same conclusions in all but one instance.

For the WISC-R data, the tests of dropping /4? from the model,
using both procedures, yielded the same conclusion: there is significant
genetic variance. It appears that the ML method yields a more powerful
test, since the significance level for A% is p < .001 using ML but only
p < .02 using the DF method. The estimates of ¢? from the model
omitting 42, using both methods, were virtually identical (.70 vs. .71).

The DF and ML procedures also yielded highly similar estimates of
h? (.83 vs. .79) when ¢? was dropped from the augmented model of the
WISC-R data. However, the significance tests for c* were again some-
what different. The DF method yielded the conclusion that the shared
environmental component did not account for a significant proportion of
variance. In contrast, dropping ¢? from the model resulted in a significant
change in chi-square when the ML procedure was employed. Again, ML
appears to result in a statistically more powerful test.

That the ML tests are more powerful than those of the DF method,
thereby making the DF method more conservative, appears to be a func-
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tion of the size of the MZ and DZ correlations. For relatively high
correlations, ML tends to result in a more powerful test. This difference
in power is negligible when the MZ and DZ correlations are smaller, as
illustrated by the results from the PIAT data.

The DF and ML tests of dropping 42 from the model for the PIAT
RC data again yielded the same conclusion. In this case, there is no
significant genetic variance to these data. The significance levels were
somewhat similar (p > .55 vs. p > .40), but with the ML test again
being more powerful. The DF and ML estimates of ¢? from the models
omitting h? were again highly similar (.43 vs. .44).

Tests of dropping ¢? from the model of the RC data also yielded
the same conclusion from both the DF and the ML methods. There was
no significant ¢? in these data and the significance levels were highly
similar for both methods (p > .15). The estimates of 42 from the models
omitting ¢? were again highly similar (.51 and .50).

The DF and ML tests of dropping A2 for the PIAT RR data were
also consistent in their conclusions: significant genetic variance is pres-
ent. The significance levels were highly similar in this case (p < .01 for
both methods). The estimates of ¢? for the DF and ML models omitting
h? were also virtually identical (.46 vs. .47).

Because the MZ correlation for the RR data is greater than twice
the DZ correlation, fitting the full DF model results in a negative estimate
of ¢2, whereas the full ML model constrains this estimate to equal zero.
Thus, in this case, the change in chi-square due to dropping ¢? from the
full model is zero. Nevertheless, when the ¢? term is omitted from the
model, the DF and ML methods yield identical estimates of A2 (.58).

A primary objective of the present report was to illustrate how the
multiple regression analysis of twin data can be employed to test more
parsimonious alternative models. When initial tests of genetic and shared
environmental parameters suggest that either 42 or ¢? is not significant,
that term can be omitted from the augmented model equation and the
other parameter can be estimated under the constraint that the omitted
component does not account for any of the phenotypic variance. It has
been shown that these constrained estimates of 42 and ¢? are unbiased.
Furthermore, results obtained from analyses of several different data sets
suggest that estimates obtained from constrained DF multiple regression
models are similar to those obtained from conventional model-fitting
procedures and tests of the resulting parameter estimates yield similar
conclusions in most instances.
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