
Chapter 1

Quantitative II: Estimating
Heritabilility

In this chapter, we will consider several of the major statistical concepts used
in behavioral genetics and then provide an overview of the major methods used
to estimate them. First, we explain in English the six important concepts in
quantitative behavioral genetics: (1) heritability, (2) environmentability, (3)
genetic correlation, (4) environmental correlation, (5) gene-environment inter-
action, and (6) gene-environment correlation. Although these six are described
at a conceptual level, it is important to recognize that behavioral geneticists
try to quantify each of them—i.e., arrive at an actual number to estimate these
six quantities and then judge how important this quantity is for a behavioral
phenotype.

1.1 Basic concepts

1.1.1 Heritability and environmentability
The concepts of heritability and environmentability of polygenic traits are cen-
tral to quantitative analysis in behavioral genetics. Instead of providing formal
definitions of these terms, let us begin with a simple thought experiment and
then discover the definitions through induction.

Imagine that scores on the behavioral trait of impulsivity are gathered on a
population of individuals. These observed scores will be called the phenotypic

values of the individuals. Assume that there was a futuristic genetic technology
that could genotype all of the individuals in this population for all the loci that
contribute to impulsivity. One could then construct a genotypic value for each
individual. Just as with the one or two loci situations outlined previously in
Sections ?? and ??, the genotypic value for a polygenic trait is defined as the
mean phenotypic value of all those individuals with that genotype in the pop-
ulation. For example, if Wilbur Waterschmeltzer’s genotype for impulsivity is
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Table 1.1: Scheme for hypothetical genetic, environmental and phenotypic val-
ues for a trait.

Person: Genotypic
Value

Environmental
Value

Phenotypic
Value

Abernathy 47.6 61.3 77.1
Beulah 58.2 47.5 74.7

...
Zedekiah 51.3 59.2 71.2

AaBBCCddEeff and the mean impulsivity score for all individuals in the pop-
ulation who have genotype AaBBCCddEeff is 43.27, then Wilbur’s genotypic
value is 43.27.

Imagine another technical advance that would permit us to calculate and
quantify all the environmental experiences in a person’s life that could contribute
to the person’s level of impulsivity. This would be the environmental value for
an individual. We would now have a very large set of data, part of which is
illustrated in Table 1.1.

From the data in this hypothetical table, we would compute a correlation
coefficient between the genotypic values and the phenotypic values. Recall that
the square of the correlation coefficient between two variables gives the pro-
portion of variance in one variable attributable to (i.e., predicted by) the other
variable (see Section X.X). Consequently, if we square the correlation coefficient
between the genotypic values and the phenotypic values, we would arrive at the
proportion of phenotypic variance predicted by (or attributable to) genetic vari-
ance. This quantity, the square of the correlation coefficient between genotypic
values and phenotypic values, is called heritability.

Thus, heritability is a quantitative index of the importance of genetics for
individual differences in a phenotype. Strictly defined, heritability is the pro-

portion of phenotypic variance attributable to or predicted by genetic variance.
In more common sense terms, it is the proportion of individual differences in a

phenotype predicted by individual differences in genotype. Because heritability
is a proportion, it will range from 0 to 1.0. A heritability of 0 means that genes
do not contribute to individual differences in the trait, whereas a heritability of
1.0 means that trait variance is due solely to heredity. Heritability is usually
denoted as h2, a convention that we will adopt from now on.

Just as we could compute a correlation between genetic values and pheno-
typic values, we could also compute correlations between environmental val-
ues and phenotypic values. Squaring this correlation would give us the envi-

ronmentability of the trait. Environmentability has the same logical meaning
as heritability but applies to the environment instead of the genes. Environ-
mentability is the proportion of phenotypic variance attributable or predicted by

environmental variance or, without the “statisticalese:, the proportion of observ-
able individual differences predicted by environmental individual differences. It
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is also a quantitative index, ranging from 0 to 1.0, of the extent to which en-
vironmental individual differences underlie observable, phenotypic individual
differences. We will denote environmentability as e2.

1.1.1.1 Broad and narrow sense heritability

Heritability can be measured in two ways. First, narrow sense heritability is de-
fined as the additive genetic variance (or Va) divided by the phenotypic variance
(Vp)

h2
=

Va

Vp
(1.1)

The “additive genetic variance” is a technical term in quantitative genetics that
refers to the genetic variability due to the effects of additive gene action.

The second type of heritability is broad sense heritability. This includes the
variability due to all types of gene action–additive, dominance, and epistasis or
gene-gene interaction. The formula is

h2
b =

Va + Vd + Vi

V p
(1.2)

where Vd is dominance variance and Vi is epistatic variance. We will use the
customary notation of denoting narrow sense heritability by h2 and broad sense
heritability by h2

b .
Although we are often interested in broad sense heritability, it is not always

possible to estimate that quantity. Without extensive data sets, it can only be
estimated by the correlation between identical twins raised apart. Hence, much
of the research in behavioral genetics estimates narrow sense heritability more
because of necessity than desire.

1.2 Estimating heritability by kinship correlations

We do not have the technology outlined in the thought experiment given above.
So how do we actually estimate heritability and environmentability? There are
two ways of doing that. The first is to use the correlations for various types of
informative relatives, i.e., kinship correlations. That is the topic of this section.
The second is to use GWAS data through a technique called genome complex

trait analysis or GCTA. This technique is described later.
The simplest method for kinship correlation is to deal with pairs or relatives

using the model depicted in Figure 1.1. In this figure, G denotes genotypic value,
E denotes environmental value, and P stands for phenotypic value . Subscripts
1 and 2 denote respectively, the first and the second relative. If the relatives
were siblings, then G1 denotes the genotypic value for sib 1, E 2 stands for the
environmental value of sib 2, etc. If the relatives were parent and offspring,
then E 1 could represent the environmental values of parents, P2 could denote
the phenotypic values of the offspring, etc.
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Figure 1.1: A path model for the correlation between pairs of relatives.

The double-headed arrow connecting G1 to G2 denotes that fact that the
genotypic values of relatives may be correlated. The quantity g (Greek lowercase
gamma) gives this correlation. (For the moment ignore subscript i.) Similarly,
the double-headed arrow connecting E 1 to E 2 allows for the possibility that the
environmental values of the two relatives are correlated, and h (Greek lowercase
eta) denotes this correlation.

1.2.1 Two fundamental equations for the model
Assume that both phenotypes are scaled as standardized variables, i.e., both P1

and P2 have means of 0 and standard deviations of 1.0. Because the variance
is the square of the standard deviation, the variances of both phenotypes will
also equal 1.0. Using a statistical technique called path analysis or structural
equation analysis, the model in Figure 1.1gives the phenotypic variance as

Vp = 1 = h2
+ e2 (1.3)

In simple language, this equation means that the whole pie (i.e., the pheno-
typic variance) is divided into two parts, one due to genetic variance (or h2,
the heritability) and the second due to environmental variance (or e2, the en-
vironmentability). From this equation, it is obvious that if we know either the
heritability or the environmentability we can always derive the other quantity:

h2
= 1� e2

e2 = 1� h2

From path analysis, the correlation between the phenotypes of the relatives
will equal

corr (P1, P2) = ⇢ = �h2
+ ⌘e2 (1.4)
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where ⇢ is the Greek lower case rho. In words, this correlation says that there
are two sources for the phenotypic resemblance of the relatives. The first is
due to shared genes (the quantity �h2) and the second, to shared environments
(⌘e2).

We now come to subscript i in Figure 1.1. This denotes the type of relation-
ship involved in the pairs. For examine i = mzt could stand for monozygotic
twins raised together; i = poa, for parent-offspring apart; i = asibs, for adoptive
siblings. Hence, Equation 1.4 should be written as

⇢i = �ih
2
+ ⌘ie

2 (1.5)

Equation 1.3 for the phenotypic variance and Equation 1.5 for the correlation
between pairs of relatives are the two fundamental equations of the model.

1.2.2 Assumptions of the model and notation
At this point, we develop of assumptions that collectively give us the simple

additive genetic model. Those assumptions are:

1. No dominance.

2. No gene-gene interaction or epistasis.

3. Random mating.

4. No gene-environment covariance.

5. No gene-environment interaction.

Under these conditions, variables G1 and G2 in Figure 1.1 become additive

genetic values and we can now fix the value of g at 0.5 for parent-offspring
and sibs, 0.25 for second degree relatives (grandparent-grandchild, avuncular
relationships, and half siblings), 0.125 for third degree relatives (first cousins)
and so on.

1.2.3 Algorithm for estimating parameters
We are now in the position to develop an algorithm for estimating the param-
eters of the model from observed data. It is assumed that there are a series of
observed correlations available on one or more types of relatives. The steps of
the algorithm are:

1. Write down the equation for the phenotypic variance (Equation 1.3).

2. Using the observed data, write an equation in the form of Equation 1.5
for each class of relative pair.
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3. Steps 1 and 2 give us a series of simultaneous linear equations of the
type that we learned in high school algebra. Often, however, we will have
more unknowns than equations. Hence, in this step make the necessary
assumption(s) to reduce the number of unknowns until be have as many
unknowns as equations. (We will see examples of this below.)

4. Using the techniques that we learned in high school algebra, solve for the
unknowns.

1.2.4 A numerical example
Now that we have learned the important equations and how to write them, let
us go through the four steps mentioned earlier with a specific example. Suppose
that we collected data on twins raised together and found that the correlation
for monozygotic (identical) twin was ⇢mzt = .60 and that for dizygotic (fraternal
twins) was ⇢dzt = .45. Using steps 1 and 2, the three equations for out model
would be

1 = h2
+ e3

.60 = h2
+ ⌘mzte

2

and
.45 = .5h2

+ ⌘dzte
2

Although there are three equations, there are four unknowns–h2, e2, ⌘mzt,
and ⌘dzt. (Statisticians call the unknowns parameters). From high school al-
gebra, recall that it is not possible to find estimates of the unknowns because
there are more unknowns than there are equations, a situation that mathemati-
cians call underidentification. To overcome this problem, behavioral geneticists
typically make assumptions (step 3 in the process).

The key assumption usually made here is that the correlation between the
environments for identical twin pairs equals that for fraternal twin pairs or
⌘mzt = ⌘dzt. This is referred to as the equal environments assumption and we
will discuss it in detail later. For the moment let us make this assumption and
rewrite the equations in terms of a single ⌘

1 = h2
+ e2 (1.6)

.60 = h2
+ ⌘e2 (1.7)

.45 = .5h2
+ ⌘e2 (1.8)

We now have three equations and three unknowns so there is a solution.
Recalling high school algebra, subtract Equation 1.8 from Equation 1.7

.60� .45 = h2
+ ⌘e2 � .5h2 � ⌘e2

.15 = .5h2

so h2 = 2(.15) = .30.
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Substitute this value of h2 into Equation 1.3, giving e2= 1 � h2 = 1 � .30
= .70. Finally, we can substitute the numerical values for h2 and e2 into either
Equation 1.7 or 1.8. Taking Equation 1.7

.60 = h2
+ ⌘e2

.60 = .30 + .70⌘
.60� .30

.70
= ⌘

⌘ = .43

You should verify that you obtain the same value using Equation 1.8.

1.2.5 More complicated cases (graduate)
The algorithm outlined above assumes that the number of observations in each
relative class is the same and also assumes that there are as many unknowns as
knowns. What happens when these conditions do not hold (as will usually be
the case)? Here we need to develop an approach that can weight the correlations
by the sample size. The approach should also deal with a set of overdetermined

equations, i.e., the case where there are more observed equations than unknowns.
Here, we illustrate how such problems can be solved.

We begin by transforming the correlations using Fisher’s Z transform,

Z =

1

2

ln

✓
1 + ⇢

1� ⇢

◆
(1.9)

Next, we use numerical methods to find the parameters in the model by mini-
mizing the function

�2
=

kX

i=1

(Ni � 3)

⇣
Zi � ˆZi

⌘2
(1.10)

where k is the number of independent correlations, Ni is the sample size for the
ith class of relatives, Zi is the Z transform for the ith observed correlation and
ˆZi is the Z transform for the ith predicted correlation.

As an example, consider data on the Multidimensional Personality Question-
naire scale of Well Being for twins raised apart and together (Tellegen, X.X).
The data are: monozygotic raised apart (N = 44, ⇢ = .48), dizygotic raised
apart (N = 27, ⇢ = .18), monozygotic raised together (N = 217, ⇢ = .58) and
dizygotic raised together (N = 114, ⇢ = .23). The model for the predicted
correlations is

⇢mza = h2

⇢dza = .5h2

⇢mzt = h2
+ ⌘mzte

2

⇢dzr = .5h2
+ ⌘dzte

2
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There are three parameters in this model–h2, ⌘mzt, and ⌘dzt. The quantity e2

can be derived as 1 � h2. Note that it is not necessary to make assumptions
about the equality of the ⌘s for MZ and DZ twins. There is enough information
in these data to estimate separate ⌘s (and later on to actually test whether or
not the two ⌘s are equal).

Table 1.2 gives a program in R that can be used to fit the model. The
program constructs arrays for the number of observations (N) and the observed
correlations (rObs) and then calculates the Z transformation for the observed
correlations (stored in array zObs). It then gives starting values for the three
parameters (array x) and initializes an array to hold the predicted correlations
(rHat).

Most minimizers require a function or subroutine. This is function chiSqZ_general
in Table 1.2. The input is a set of parameter values and the output is the value
of �2 for those parameters from Equation 1.10. The R function optim performs
the minimization. It will find the set of parameters that minimizes �2.

The degrees of freedom (df) for the �2 statistic will equal the number of
independent equations (four in this case) minus the number of free parameters
(three). Hence, the �2 for this model will have one df. If the p value for the �2 is
less than a pre stated value (usually .05 for models of this type), the the model
is said to provide a poor fit to the data and is rejected. The row of Table1.3
labelled “General” gives the parameter estimates and the fit statistics for this
model. The heritability is estimated as 0.47, ⌘mzt as 0.21 and ⌘dzt as -0.01. The
�2 is very small (0.09) and is associated p value is large (0.77). Hence, we would
conclude that this model gives a satisfactory fit to the data.

It is possible to test subsets of the general model. For example, we could
assume that ⌘mzt = ⌘dzt and write a model with only two parameters, h2 and
⌘. The parameters and the fit statistics for this model are shown in the row
labeled ⌘mzt = ⌘dzt in Table 1.3. This model also fits the data quite well.

The column labeled AIC in Table 1.3 is the Akaike Information Criterion.
This is a statistic used to compare the fits of several models. The AIC balances
the fit for the �2 against the number of parameters in the model. Hence, it
favors parsimony in a model as long as the model goes a good job of explaining
the data. The model with the smallest AIC is the preferred one. Recall that
both the general model and the model constraining ⌘mzt = ⌘dzt gave good fits
to the data. Here, the lower value of the AIC for the ⌘mzt = ⌘dzt model suggests
that we should prefer this one over the general model.

Two other models are illustrated in Table 1.3. Model ⌘mzt = ⌘dzt = 0 sets
both ⌘s to 0 and fits only one parameter, h2. The model also fits the data well.
Because its AIC is lower than any of the previous model, this model would be
the preferred one to data.

The last row in the table shows the estimates and fit statistics for a model
that sets h2 to 0. That is, it assumes no genetic influence on Well Being. This
model fits very poorly. The �2 is large and its p value (0.002) is much less than
.05. Hence, we would reject this model.
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Table 1.2: An R routine to fit a model to data on twins raised apart and together.

# � observed data : Te l l egen et a l data on Well Being
N <� c (44 , 27 , 217 , 114)
rObs <� c ( . 4 8 , . 1 8 , . 5 8 , . 2 3 )
Zobs <� . 5⇤ l og ( (1 + rObs )/(1 � rObs ) )
# � s t a r t i n g va lue s and array f o r the minimizer
x <� c ( . 5 , . 1 , . 1 )
rHat <� rep (0 , l ength ( rObs ) )
# � f unc t i on f o r the minimizer
chiSqZ_general <� f unc t i on (x ) {

hsq <� x [ 1 ]
eta_mzt <� x [ 2 ]
eta_dzt <� x [ 3 ]
# return i f hsq i s out o f bounds
i f ( hsq > 1 | | hsq < �1) re turn (NA)
esq <� 1 � hsq
rHat [ 1 ] <� hsq
rHat [ 2 ] <� . 5⇤ hsq
rHat [ 3 ] <� hsq + eta_mzt⇤ esq
rHat [ 4 ] <� . 5⇤ hsq + eta_dzt⇤ esq
i f ( any ( rHat > 1) | | any ( rHat < �1)) re turn (NA)
Zhat <� . 5⇤ l og ( (1 + rHat )/(1 � rHat ) )
ch i sq <� t (N � 3) %⇤% (( Zobs � Zhat )^2)
re turn ( ch i sq )

}
# f i t the model
r e s u l t s <� optim (x , chiSqZ_general , method="BFGS")
parms <� r e s u l t s $ p a r
names ( parms ) <� c (" hsq " , "eta_mzt " , " eta_dzt ")
ch i sq <� r e s u l t s $ v a l u e
pr_chisq <� 1 � pch i sq ( chisq , 1)
parms
pr in t ( c ( chisq , pr_chisq ) )

Table 1.3: Model fits to the MPQ Well Being scale.

Parameters: Fit Statistics:
Model: h2 ⌘mzt ⌘dzt �2 df p AIC
General 0.47 0.21 -0.01 0.09 1 0.77 -1.91

⌘mzt = ⌘dzt 0.52 0.08 0.08 1.10 2 0.58 -2.90
⌘mzt = ⌘dzt = 0 0.56 0.0 0.0 1.26 3 0.74 -4.74

h2
= 0 0.0 0.58 0.23 12.01 2 0.002 8.01
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1.3 Genetic and environmental correlations

You took the SAT or the ACT to enter college and you received two subscale
scores, one for verbal and the other for quantitative. If a behavioral geneticist
were performing a twin study of the SAT or ACT s/he could report heritability
(h2) and environmentability (e2) for the verbal section and heritability and
environmentability for the verbal section. There is nothing the matter with
that, but much more information can be gained by analyzing both phenotypes
simultaneously. In this case—i.e., when more than one phenotype is analyzed
at the same time—it is termed a multivariate genetic analysis.

The extra information from multivariate genetic analysis consists of the ge-

netic correlation and the environmental correlation among the traits. To dis-
cover the meaning of these quantities, examine 1.4 which gives hypothetical
values for two phenotypes—SAT verbal and SAT quantitative. A path model is
given in Figure 1.2, but it is not necessary to know the details of this model.

Once again, we can compute the correlation between the genetic values for
verbal and phenotype values for verbal (i.e., hv = corr(GV , PV )) and square
this quantity to estimate the heritability for verbal scores (h2

v). Or, we could
square the correlation between the environmental values for quantitative and
the phenotypic scores for quantitative to arrive at the environmentability of
quantitative (e2v).

The first new quantity is the genetic correlation we will be denoted as rg.
This is defined as the correlation between the hypothetical genetic values for the
verbal measure and the genetic values for the quantitative measure. consists of
the correlation between the genotypic values for two traits within an individual.
That is, for the present example,

rg = corr (GV , GQ) (1.11)

The genetic correlation tells us the extent to which the genotypic values for
one trait predict the genotypic values for the second trait. It has the same
meaning as any correlation; the only difference is that it applies to genotypic
values. Hence, a genetic correlation of 0 implies that the two sets of genotypic
values are statistically independent of each other; one cannot predict the genetic
values of one trait by knowing the genetic values of the other trait. A genetic
correlation approaching 1.0 implies strong predictability; in this case, knowing
the genotypic values of one trait strongly predicts the genotypic values of the
other trait.

The environmental correlation, or re, has an analogous definition—it is the
correlation between the environmental values of the two traits within an indi-
vidual, or, in terms of the current example,

re = corr (EV , EQ) (1.12)

The environmental correlation informs us how well environmental values for
one trait predict environmental values for the other trait.
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There is a general pattern in multivariate analysis that noticed by Loehlin
and Nichols (X.X) and others in previous generations of behavioral genetics
research–if variables are correlated in the phenotype, then they tend to be cor-
related in the genotype. The same holds true for the environment but not as
strongly.

1.3.1 Estimating genetic and environmental correlations
(graduate)

The model in Figure 1.2 depicts the relationship between two phenotypes. This
is typically referred to as a bivariate analysis, the “bi” used to represent the num-
ber of phenotypes in an individual. The notation is cognate to that of the path
diagram for a single phenotype given previously in Figure 1.1–� is the genetic
correlation for the type of relative and the ⌘s denote the correlations between
an environmental variable in the first relative and an environmental variable
in the second relative. The subscript i to denote the ith type of relationship
understood.

From Figure 1.2 we can derive the expected correlations among the observed
variables (the four phenotypes) for a class of relatives. Note that this model
makes all of the simplifying assumptions noted above in Section 1.2.2.

For cognate variables (e.g., the Verbal phenotype in both relatives), the
forms of the equations will be the same as those given above in Section 1.2.1.
We just subscript them to denote the appropriate variable. For example,

1 = h2
v + e2v

R (PV 1, PV 2) = �h2
v + ⌘ve

2
v

There will be two new equations. The first is for the correlation between an
individual’s Verbal phenotype and Quantitative phenotype. That will be

R (PV , PQ) = rghvhq + reeveq (1.13)

In substantive terms, this equation states that the two phenotypes within in-
dividuals may be correlated for two different reasons. The first is genetic and
is given by the term rghvhq. Note that if any one of these three quantities–rg,
hv, or hq–is 0, then the whole term is 0 and genes do not contribute to the cor-
relation between the phenotypes. The second reason why the phenotypes may
be correlated is through the environment. This is given by the term reeveq.
When substantive human behavior is the phenotype then ev and eq will always
be nonzero, so this term can be 0 only when re = 0.

The second new equation is for the Verbal phenotype in one member of the
pair and the Quantitative in the other. This equals

R (PV 1, PQ2) = R (PV 2, PQ1) = �rghvhq + ⌘vqeveq (1.14)

Again, there are two sources behind the phenotypic resemblance of relatives.
First, the term �rghvhq reads as “these relatives share genes and these genes



CHAPTER 1. QUANTITATIVE II: ESTIMATING HERITABILILITY 14

Table 1.5: An example of a twin data set for two phenotypes.

Twin1 Twin 2
Family Zygosity Verbal Quant Verbal Quant
Asimov MZ 500 430 440 490

Bradbury DZ 560 590 630 770
...

...
...

...
...

...
Zelazny DZ 300 440 470 490

contribute to the correlation.” Second, the term ⌘vqeveq allows for a correlation
through the environments of the relatives.

We might suspect that we could solve for the parameters using the tech-
nique outlined above in Section 1.2.5. This would provide us with satisfactory
estimates but would not allow us to perform the statistical tests for the model.
Why? Because the analysis of the correlations using this method assumes that
each correlation comes from an independent sample. In a bivariate (or multi-
variate) analysis this assumption will be violated.

To see this, consider data on MZ and DZ twins raised together. A schematic
for the organization of the data is given in Table 1.5. To calculate the cor-
relations, the data would first be sorted by zygosity and then a four by four
correlation matrix would be calculated for the MZ twins and another for the
DZ pairs.

Consider just the MZ pairs. The same twins are used to calculate all the
correlations in the matrix. This means that the correlations are NOT indepen-
dent statistics. To be independent, one would have to gather a twin sample and
estimate, say, corr (PV 1, PV 2) from that sample, and then gather a completely
different sample and calculate, say, corr (PV 1, PQ2) from that sample. In short,
each entry in the correlation matrix would have to be gathered on a different
sample. Clearly, this is stupid.

To account for the the fact that the correlations come from the same sample,
one must develop models and fit those models to whole correlation matrices.
These techniques are beyond the scope of this text but the interested reader
should consult Neal & Cardon (X.X) or Sham (X.X).

As an example, consider the Verbal and Factor scores from the National
Merit twin sample (Loehlin and Nichols, X.X). Table 1.6 presents these corre-
lations for both MZ and DZ pairs1.

The model depicted in Figure 1.2 was fitted to these correlations. Overall
the model fitted the data very well. The �2 value was 2.09 and with 1 degree
of freedom, its p value was not close to being significant (p = 0.15). The pa-
rameter estimates appear in Table 1.7. Both cognitive variables have moderate
heritability, say, 0.45. The reasons why Verbal and Quantitative are correlated

1
The matrices in Table 1.6 are intraclass correlation matrices which are preferable to use

when the designation of an individual as “twin 1” and “twin 2” is arbitrary (Carey, X.X). An

intraclass matrix results in symmetry for the correlations within a zygosity.
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Table 1.6: Correlations for the Verbal and Quantitative factor scores for the
National Merit Scholarship Qualifying exam. MZ correlations are above the
diagonal and DZ correlations, below the diagonal.

Twin1 Twin2
Verbal Quant Verbal Quant

Twin1 Verbal .682 .866 .637
Quant .716 .637 .798

Twin2 Verbal .649 .494 .682
Quant .494 .572 .716

Table 1.7: Parameter estimates from fitting a bivariate path model to the Verbal
and Quantitative factor scores in the National Merit twin sample.

Parm Value Parm Value Parm Value
h2
v .44 rg .77 ⌘v .76

h2
q .46 re .64 ⌘q .63

⌘vq .55

within an individual are evenly split between genetic (rghvhq = 0.35) and en-
vironmental (reeveq = 0.35) reasons. Finally, there are important correlations
between the environmental values of the twins. The ⌘s range from 0.55 (⌘vq) to
0.76 (⌘v).

Just as we did for the Well Being data from Section 1.2.5, we can set param-
eter estimates to 0 and test the fit of the reduced models. We can, for instance,
test the hypothesis of no genetic influence. This model sets hv = hq = rg =
0 and thus contains only the four environmental parameters (the e2s for both
variables must be 1). This model fails horribly. The �2 is 138.54 with 4 df and a
p value of less that 1E-16. Similarly, a model that says there is heritability but
no genetic correlation must be rejected (�2 = 71.51, df = 2, p < 3.4E-16). A
model setting the environmental correlation to 0 also fails (�2 = 32.96, df = 2,
p < 7E-08). Finally, a model that sets the three ⌘s to 0 is rejected (�2 = 44.0,
df = 4, p < 6.4E-09). Hence, all of the parameters in Table 1.7 are required to
explain the data.


