
Analysis of Twin Data Using SAS

Rui Feng1, Gongfu Zhou2, Meizhuo Zhang2, and Heping Zhang2,*

1 Department of Biostatistics, the University of Alabama at Birmingham, Birmingham, AL 35294, U.S.A

2 Department of Epidemiology and Public Health, Yale University, New Haven, CT 06520, U.S.A

SUMMARY
Twin studies are essential for assessing disease inheritance. Data generated from twin studies are
traditionally analyzed using specialized computational programs. For many researchers, especially
those who are new to twin studies, understanding and using those specialized computational programs
can be a daunting task. Given that SAS is the most popular software for statistical analysis, we suggest
the use of SAS procedures for twin data may be a helpful alternative and demonstrate that we can
obtain similar results from SAS to those produced by specialized computational programs. This
numerical validation is practically useful, because a natural concern with general statistical software
is whether it can deal with data that are generated from special study designs such as twin studies
and whether it can test a particular hypothesis. We conclude through our extensive simulation that
SAS procedures can be used easily as a very convenient alternative to specialized programs for twin
data analysis.
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1. Introduction
Twin studies are often used to evaluate the inheritance of a trait by dissecting the genetic and
environmental contributions to the trait (e.g., Allison et al. 1995; Martin, Boomsma, and
Machin, 1997; Mulder et al., 2003; Evans et al., 2003; Peltonen and GenomEUtwin, 2003;
Franks et al., 2005; Bhandari et al., 2006; Bizzarro et al., 2006). Monozygotic (MZ) twins, also
called identical twins, share the same genetic materials, whereas dizygotic (DZ) twins or
fraternal twins share an average 50% of their genes like the usual siblings. Thus, for an
inheritable trait, we expect a higher concordance or correlation in MZ twins than in DZ twins,
and we can use the excess in concordance among MZ twins to determine the level of genetic
contribution, provided that twins of the same parents are raised in similar environments such
as the same families.

Statistical models have been well established for analyzing twin data (Kempthorne and
Osborne, 1961; Haseman and Elston, 1970). The most commonly used models are variance
components methods, also called structure equation models in social sciences, which
decompose the observed phenotypic variance into additive genetic, dominant genetic, common
environmental components, and random noises including measurement errors (Neale et al.,
1989). Heritability measures the proportion of the total phenotypic variation that is attributable
to genes. Several software programs are available for twin analyses, such as LISREL (Jöreskog
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and Sörbom, 1986), Mx (Neale et al., 1999), and Mplus (Muthén and Muthén, 1998; Prescott,
2004). All of these programs require thorough understanding and sophisticated use of matrix
operations. Among them, Mx is a popular choice, and is free. In recent years, SAS, Statistical
Analysis Software, has enhanced its procedures for fitting variance component models
(McArdle, 2006). Franks et al. (2005) used SAS PROC MIXED to assess the heritability of
physical activity in children. In addition, SASPairs
(http://psych.colorado.edu/~carey/SASPairs/) provides a comprehensive series of macros and
IML (Interactive Matrix Language) modules written in SAS. With basic functions similar to
Mx, it does everything that Mx can do for sibpairs within SAS. In other words, SASPairs can
be viewed as a re-implementation of Mx in SAS.

All software packages are based on similar statistical models, but the computational algorithms
may differ and can lead to different results, even for simple models. Thus, it is useful to evaluate
both similarities and differences resulting from uses of different software. Such comparisons
have been reported in analyses of correlated data. Ferrer, Hamagami, and McArdle (2004)
showed nearly identical results from different software programs including LISREL, Mx,
Mplus, AMOS (Arbuckle, 1999), and SAS when fitting latent growth curve models to
longitudinal data. A comparison of Mplus and LISREL by Asparouhov and Muthen (2006)
demonstrated that the Mplus algorithm produced more accurate parameter estimates in mixed
effect modeling than LISREL. Only until recently did researchers begin to compare the
performance of the various programs in analyzing twin data. McArdle (2006) examined Mx,
Mplus and SAS by fitting mixed effect models to a simulated longitudinal twin dataset and
found identical maximum likelihood parameter estimates and close standard errors from those
programs. However, more simulations and thorough evaluations are warranted to understand
the effect on the heritability estimate as a result of different software packages.

In this paper, we compare the performances of SAS and Mx for twin data based on both
simulations and a published data set in a neonatal twin study. Because SAS is the most widely
used statistical software package, it is practically very useful to be able to perform analyses of
twin data using standard SAS procedures and syntax, specifically, SAS PROC MIXED and
PROC NLMIXED. The advantage is that the users will not need to install any additional
packages, nor are we required to learn new syntax.

2. Methods
2.1. Genetic Model for Quantitative Traits

Suppose there are n1 MZ twin pairs and n2 DZ twin pairs. A quantitative response Y and p
covariates, denoted by X, are available for each twin. The covariates could be any observed
demographic and environmental variables. A genetic model that includes covariate effects, an
additive genetic effect, a dominant genetic effect, a common environmental effect shared by
a twin pair (no matter which zygosity it has), and a residual environmental effect can be written
as:

(1)

where i is the index for each of the n1 + n2 twin pairs and j (1 or 2) is the index for one of the
twins in a pair. Also, β measures the covariate effects (including an intercept), aij , dij , ci , and
εij are, respectively, the additive genetic, dominance genetic, common environmental and
residual environmental random effects on the i-th twin pair. Because MZ twins are genetically
identical, for them ai1 = ai2 and di1 = di2 . We assume that a, d, c, and Σ (the subscripts are
sometimes suppressed for convenience) are independently normally distributed with mean 0
and variance , and , respectively. If the i-th twin pair is MZ, the covariances of a
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and d between the two twins are  and , respectively; If the i-th

twin pair is DZ, the covariances of a and d between the two twins are  and

, respectively (Falconer and Mackay, 1996).

The genetic heritability then can be estimated using the ratio of estimated genetic variance and

the total variance of the quantitative trait, i.e., .

Due to the identifiability problem, we may not be able to dissect additive genetic effects,
dominance genetic effects and shared environmental effects. In that case, we may have to
consider simpler models such as ACE model (model (1) without dij) or ADE model (model
(1) without ci).

2.2. Genetic Model for Binary Traits
Suppose instead the response Y is binary, for example, disease status (affected or normal).
Then we can use probit model to fit twin data:

where probit(.) is the inverse function of the cumulative standard normal distribution. Other
notations are similar to those above. The difference is that we envision a liability underlying
the binary disease and that aij, dij, and ci are the additive genetic, dominance genetic, common
environmental effects on the liability for the i-th twin pair. This probit model is commonly
referred to as the threshold model (Gianola and Foulley, 1983; Falconer and Mackay, 1996).

2.3. Software – SAS and Mx
Mx is a flexible statistical modeling package, initially designed for structural equation
modeling. It is freely available. SAS is a commercial software package, but widely available.
SAS procedures MIXED and NLMIXED are well developed to fit linear and nonlinear mixed
models that facilitate fixed covariate effects, random genetic and environmental effects. PROC
MIXED and NLMIXED fit mixed models by maximizing an approximation to the likelihood
integrated over the random effects (Latour, Latour, and Wolfinger, 1994; Wolfinger, 1999).
PROC NLMIXED can specify any conditional distribution for the response variable given the
random effects, including normal, binomial, and Poisson. To fit the ACE or ADE model for
twin data, we specify the variance-covariance structures of aij, dij, ci, and εij defined in model
(1) through the “type” option in the random effect statement. For people familiar with SAS,
the syntax of using PROC MIXED and NLMIXED is very simple.

3. Simulations
3.1. Quantitative trait

We simulated 200 MZ and 200 DZ twin pairs in each data set. A covariate, x , was generated
from uniform(0,1). For the i-th twin pair, a common familial risk score, denoted by ci , was
generated from Normal (0, ). We considered both the ACE and ADE models. For each model,
we simulated 100 datasets.
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For the ACE models, the additive genetic effect, aij (j=1, 2), was generated with mean 0 and

covariance matrix  for MZ twins or  for DZ twins. The response
Yij equals β0 + β1xi + aij + ci + eij, for j = 1, 2, where eij is a normal noise with mean 0 and
variance . For the ADE models, we generated the response Yij from β0 + β1xi + aij + dij +
eij, where dij was the dominant genetic effect and generated for MD twins with covariance

matrix  and for DZ twins with .

Without loss of generality, we fixed variance  at 1.0. For convenience, we set  in
ACE model simulation and  in ADE model simulation (other specification give similar
results for the comparison). We varied each variance components to set the heritability ranging
from 0.2 to 0.6 with the step size of 0.1. We compared the estimated heritability ĥ2 and fixed
effects β ̂1 from SAS and Mx.

Figure 1 shows the box-plots of parameter estimates when the fitted model (ACE or ADE) is
the same as the data generating model (ACE or ADE). Figure 1a is for heritability estimates
and Figure 1b is for the estimates of the fixed effects.

To assess the robustness of the estimates when the fitted model is different from the data
generating model, we examined the parameter estimates from the ACE and ADE models when
the data were simulated from an ACDE model. Without loss of generality, we again set variance

 at 1 and set , and  to be equal (other specification give similar results for the
comparison). We varied each variance components to allow the heritability ranging from 0.2
to 0.6 at an interval of 0.1. The sample sizes were the same as before. Again SAS and Mx
yielded similar results. The average and sample standard deviation of the estimated heritability
are presented in Figure 2. Both SAS and Mx overestimated the heritability, although the ACE
models tend to yield less biased heritability estimates than the ADE models.

In summary, whether the fitted models are same as the true models or not, SAS and Mx produce
similar results. Both SAS and Mx have good estimates of the fixed effect (β1 = 1) in all data
sets, although the estimates of the fixed effect β1 become less accurate with increased
inheritability. For the heritability estimates, the standard deviations from the ADE model are
smaller than those of the ACE model because the estimates of  and  are negatively
correlated (Williams, 1993).

3.2 Binary Trait
We also examined the performance of SAS and Mx for qualitative or binary traits. Following
the same procedure as in Section 3.1, we first simulated a quantitative trait Z as a liability
variable. We then defined a binary trait Y taking value of 1 or 0 according to whether Z > 2 (2
was arbitrarily chosen) or not. We varied the variance components, which in turn controls the
heritability of the liability variable Z. The box plots of parameter estimates are shown in Figure
3. When the fitted model is same as the data generating model, the parameter estimates from
SAS and Mx are similar and the estimated fixed effects from both ACE and ADE models are
close to the true values.

As in Section 3.1, we also examined the parameter estimates when the true liability was
simulated from an ACDE model, whereas we fitted either ACE or ADE model to the data. The
results from SAS and Mx were similar, as shown in Figure 4. Again, from both SAS and Mx,
the ACE models tend to produce less biased heritability estimates than the ADE models.
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4. Application to a Study on Premature Twins
Preterm birth is defined as birth less than 37 weeks of gestation. About half millions of infants
in the U.S. are born prematurely, and preterm infants have increased morbidity and mortality
rate compared with full-term infants (Martin, Boomsma, and Machin, 1997).
Bronchopulmonary dysplasia (BPD), a chronic lung injury, is a prevalent cause of morbidity
in preterm infants. The etiology of BPD is multifactorial and genes play very important parts
(Bokodi et al., 2007). We intended to compare the heritability estimates of BPD from SAS and
Mx using a dataset from a premature twin study (Bizzarro et al., 2006).

All twins were born between January 1, 1994 and December 31, 2004 at three medical centers,
Karolinska Institute, the University of Connecticut, and Yale University and the data we used
include those who survived beyond 36 weeks postmenstrual age (PMA). The zygosity of each
twin pair was determined by histopathologic examination of the placenta with additional
confirmation using gender concordance or discordance. 63 monozygotic (MZ) and 137
dizygotic (DZ) twin pairs were identified. Birth weight (BW), gestation age (GA), sex (1: male,
0: female), presence of respiratory distress syndrome (RDS), duration of ventilation and
supplemental oxygen use, and length of stay were also available for each infant. See Bhandari
et al. (2006) and Bizzarro et al. (2006) for more details. We fitted the ACE, ADE probit models
using SAS and Mx for BPD. Bhandari et al. (2006) also documented a study of BPD using a
different dataset in which they used the logistic model and included only those variables with
significant fixed effects. Thus, the parameter estimates we reported are different from those
reported in Bizzarro et al. (2006). But the inheritability estimates are quite close even they used
a smaller dataset and fitted a different model. We included all important covariates to compare
the fixed effect estimates between SAS and Mx. Table 1 displays the estimated covariates
effects and heritability estimates for BPD. Mx and SAS give very similar results even though
the dataset might not even come from an ACDE model. The estimated heritability is 56.97 %
(SAS) and 56.77% (Mx) using the ACE model and 78.18% (SAS) or 78.94% (Mx) using the
ADE model.

5. Conclusion and Discussion
This work has three useful implications in practice. First, although PROC MIXED has been
used for analysis of twin data in which the trait has a normal distribution, we now demonstrated
how to use PROC NLMIXED when the trait is binary. In other words, we presented how to
estimate disease heritability from twin studies whether the trait is quantitative or binary.
Second, the usage of PROC MIXED and PROC NLMIXED for twin data analysis is
straightforward. Lastly, we examined whether use of SAS and Mx resulted in different
estimates and inference when we assess the inheritance of quantitative or binary trait. We found
the results similar. This is assuring, because a major disadvantage of a general software package
such as SAS is that it is not necessarily designed to address a specific question and take into
account a particular design. Our evaluation relieves us from this concern.

As statistical software adopt advanced statistical methods and computational algorithms, it will
become more convenient and simple to conduct genetic analyses under the standard syntax of
those software. Similar to our objective, Rabehesketh et al. (2008) explained in detail how to
use the glamm function in STATA and lme function in R or S-Plus to analyze data from twin
studies.
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5. Supplementary Materials
Web-based supplementary materials, including the SAS code and data sets, will be distributed
through the Biometrics website http://www.tibs.org/biometrics as well as the authors’ website:
http://c2s2.yale.edu/software/twin.

Supplementary Material
Refer to Web version on PubMed Central for supplementary material.
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Figure 1.
Heritability and Fixed Effect Estimated from SAS PROC NLMIXED & Mx Based on 100
datasets, each dataset contains 200 MZ Twin Pairs and 200 DZ Twin Pairs for a Quantitative
Trait under Correct Genetic Models
a) Estimated heritability when the true heritability is 0.2, 0.3, 0.4, 0.5 and 0.6, respectively
b) Estimated fixed effect when the true mixed effect is 1.0 and the true heritability is 0.2, 0.3,
0.4, 0.5 and 0.6, respectively.
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Figure 2.
Heritability and Fixed Effect Estimated from SAS PROC NLMIXED & Mx Based on 100
datasets, each dataset contains 200 MZ Twin Pairs and 200 DZ Twin Pairs for a Quantitative
Trait under Mis-specified Models
a) Estimated heritability when the true heritability is 0.2, 0.3, 0.4, 0.5 and 0.6, respectively
b) Estimated fixed effect when the true mixed effect is 1.0 and the true heritability is 0.2, 0.3,
0.4, 0.5 and 0.6, respectively.
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Figure 3.
Heritability and Fixed Effect Estimated from SAS PROC NLMIXED & Mx Based on 100
datasets, each dataset contains 200 MZ Twin Pairs and 200 DZ Twin Pairs for a Binary Trait
under Correct Genetic Models
a) Estimated heritability when the true heritability is 0.2, 0.3, 0.4, 0.5 and 0.6, respectively
b) Estimated fixed effect when the true mixed effect is 1.0 and the true heritability is 0.2, 0.3,
0.4, 0.5 and 0.6, respectively.
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Figure 4.
Heritability and Fixed Effect Estimated from SAS PROC NLMIXED & Mx Based on 100
datasets, each dataset contains 200 MZ Twin Pairs and 200 DZ Twin Pairs for a Binary Trait
under Mis-specified Models
a) Estimated heritability when the true heritability is 0.2, 0.3, 0.4, 0.5 and 0.6, respectively
b) Estimated fixed effect when the true mixed effect is 1.0 and the true heritability is 0.2, 0.3,
0.4, 0.5 and 0.6, respectively.
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