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a b s t r a c t
Existing research has revealed that IQ remains relatively stable over the life course, though
questions remain about how stable IQ is and whether the stability of IQ varies across different
developmental periods of the life course. Despite this stability, there are also questions
surrounding the factors that might explain the stability of IQ. Against this backdrop, we
conduct bivariate genetic models to estimate genetic, shared environmental, and nonshared
environmental influences on the stability of IQ. To do so, we analyze kinship pairs drawn from
two separate longitudinal samples: The National Collaborative Perinatal Project (CPP) and the
National Longitudinal Study of Adolescent Health (Add Health). Across both samples, IQ was
found to be relatively stable. Moreover, the genetic analyses revealed that between 66%
and 83% of the stability in IQ was due to genetic factors and between 43% and 69% of the
change in IQ was due to genetic factors. The remainder of the stability and change in IQ was the
result of a combination of shared and nonshared environmental influences. Importantly, some
substantive race differences emerged in respect to genetic and environmental influences on
the stability of IQ. We conclude with a discussion of the limitations of the study and avenues
for future research.
© 2013 Elsevier Inc. All rights reserved.

1. Introduction
The stability of phenotypes across time is an indelible
characteristic of human nature. Over long swaths of the life
course, it is commonplace to observe extremely high levels
of relative stability in virtually every trait and behavior that
has been measured. Personality traits, for instance, such as
emotionality and self-regulation, have been found to be highly
stable from early childhood up through early adulthood (Moffitt,
1990; Tremblay et al., 2004). Antisocial behaviors, moreover,
have been found to be highly stable, with the best predictor of
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future criminal behavior being a history of aberrant and aggressive behaviors (Campbell, Shaw, & Gilliom, 2000; Farrington,
1991). Even different psychopathologies, including depression
(Zuroff, Blatt, Sanislow, Bondi, & Pilkonis, 1999), schizophrenia
(Heaton et al., 2001), and bulimia (Joiner, Heatherton, & Keel,
1997), have consistently been shown to be a stable feature in the
lives of certain people. With these findings in mind, it is probably
not surprising that cognitive abilities, including intelligence
(IQ), have also been found to be relatively stable over different
sections of the life course (Raguet, Campbell, Berry, Schmitt, &
Smith, 1996; Deary, Whalley, Lemmon, Crawford, & Starr, 2000).
Although IQ has been found to be stable, there still remains
a degree of uncertainty over the precise mechanisms that are
involved in producing this stability. Certainly different theoretical arguments have been made and there has been a good
deal of research examining the factors that might give rise to
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stability and change in IQ (Carlson & Corcoran, 2001; Ellis &
Bonin, 2003; van den Oord and Rowe, 1999). Based on the
existing literature, however, it appears as though the most
consistent finding is that stability in IQ is the result of both
genetic and environmental factors (Jensen, 1981; Plomin,
DeFries, Knopik, & Neiderhiser, 2013). The extent to which
genetic and environmental factors affect IQ stability remains
undetermined, in part, because genetic and environmental
influences appear to be contingent on an array of factors. For
instance, genetic and environmental effects on variance in IQ
scores have been shown to vary across different sections of the
life course (Plomin, Fulker, Corley, & DeFries, 1997; Deary,
Johnson, & Houlihan, 2009) and across different geographical
regions (Lynn & Vanhanen, 2006). Against this backdrop, the
current study is designed to add to the existing IQ literature
in three key ways. First, we examine the stability of IQ from
the age of 4 years old to the age of 7 years old in a sample of
sibling pairs drawn from a large and widely analyzed sample
of Americans. Second, we estimate the stability of IQ from
adolescence into young adulthood in a different sample of
sibling pairs drawn from a prospective and nationally representative sample of American youth. Third, we estimate the
genetic and environmental contributors to the stability of IQ in
both samples.
2. The stability of IQ
A body of empirical research has examined the stability
of IQ. Although the studies analyze very different samples,
employ different statistical techniques to assess stability,
estimate stability at different developmental time periods
and with different lag times, the findings tend to converge
on the same general conclusion—that IQ is relatively stable
(Deary et al., 2000; Deary, Strand, Smith, & Fernandes, 2007;
Larson, Hartmann, & Nyborg, 2008). Given the heterogeneity
in studies, identifying a precise stability estimate that would
apply to all studies is not possible. Nonetheless, there are
three main conclusions that can be drawn from the existing
literature on the stability of IQ. First, and most importantly,
IQ tends to be relatively stable across different developmental time periods, with most stability estimates ranging between r = .50 and r = .80. The precise stability estimate
fluctuates across studies based on study-specific factors, such
as sample characteristics and the measure of IQ, but across
almost all studies there are at least moderate levels of
stability in IQ. Second, although stability estimates remain
relatively high, they become attenuated as the time between
observations increases. This general pattern is not unique
to the stability of IQ, but rather has been found in respect
to most other phenotypes, including antisocial behaviors
(Moffitt, 1993). Third, the stability of IQ tends to increase as
childhood progresses, and by adulthood, the stability of IQ
reaches its pinnacle. It is not uncommon, for example, to have
studies report that the stability of IQ in childhood is around
r = .40–.50, but in late adulthood these stability estimates
are usually around r = .80 (Larson et al., 2008).
The available evidence thus suggests that IQ is stable, that
stability estimates are highest when the time lag is relatively
short, and that IQ becomes increasingly stable from childhood to adulthood. Given that IQ is stable over time, a wave
of research has examined the various factors that might be
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able to explain the stability of IQ. Some of the most illuminating research on this topic comes from studies which
estimate the genetic and environmental influences on the
stability of IQ by analyzing samples of kinship pairs. This
approach represents a variant of the widely used methodology that decomposes variance in a single phenotype.
Typically, twin pairs are analyzed with this methodology. In
doing so, the similarity of monozygotic (MZ) twin pairs is
compared to the similarity of dizyogtic (DZ) twin pairs. As
long as the assumptions of the twin-based methodology
are fulfilled, the only reason that MZ twins (from the same
twin pair) should be more similar to DZ twins (from the same
twin pair) is because MZ twins share twice as much genetic
material as DZ twins. The greater the similarity of MZ twins
versus the similarity of DZ twins, the stronger the genetic
effect. In the parlance of behavioral genetic research, the
proportion of variance accounted for by genetic factors is
referred to as heritability.
The proportion of variance that is not accounted for by
heritability must be accounted for by environmental influences (and error). The twin-based methodology, however,
distinguishes between two types of environmental influences:
shared environmental influences and nonshared environmental influences. Shared environmental influences capture the
effects of environments that are the same between twins and
that make them similar to each other. Nonshared environmental influences, in contrast, capture the effects of environments
that are unique to each twin and/or that make twins dissimilar
from each other. It is also important to note that the effects of
error are pooled into the nonshared environmental component. Together, heritability, the shared environment, and the
nonshared environment account for 100% of the variance in
any phenotype that is being studied.
The methodology described above is frequently referred
to as a univariate model because it examines the variance
components (i.e., heritability, shared environmental, and
nonshared environmental) in a single variable. An extension
of the univariate model is the bivariate model which can
be used to examine the genetic, shared environmental, and
nonshared environmental influences on the covariance between two variables. This type of methodology has direct
application to examining the stability of IQ as it is typically
assessed by measuring IQ at two different periods of time.
The stability coefficient therefore represents the degree of
covariance between IQ scores at one point in time and IQ
scores at a different point in time and, as a result, is a bivariate
model. With bivariate decomposition models, the focus is on
the covariance between the two variables (i.e., the stability).
The covariance is decomposed into the proportion that is the
result of genetic influences (i.e., heritability), the proportion
that is the result of shared environmental influences, and the
proportion that is the result of nonshared environmental
influences. Once again, these three components will account
for 100% of the covariance between the two variables.
A line of research has employed bivariate decomposition
models to examine the genetic and environmental influences
on the stability of IQ. Three main findings can be garnered
from this body of research. First, and quite generally, the
stability of IQ has been found to be strongly affected by genetic
influences, with estimates hovering around 60% (Boomsma
& van Baal, 1998). The genetic origins to the stability of IQ
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have been detected in childhood (LaBuda, DeFries, Plomin, &
Fulker, 1986; Boomsma & van Baal, 1998; Cherny et al., 2001;
Trzaskowski, Yang, Visscher, & Plomin, 2013), adolescence
(Bishop et al., 2003; Hoekstra, Bartels, & Boomsma, 2007), and
adulthood (Bouchard, 1998; Hoekstra et al., 2007), with some
evidence suggesting that the genetic influences on stability
increase with age (Bartels, Rietveld, Van Baal, & Boomsma,
2002; Petrill et al., 2004; Bergen, Gardner, & Kendler,
2007; Haworth et al., 2010). For example, Plomin, Pedersen,
Lichtenstein, and McClearn (1994) analyzed data from the
Swedish Adoption/Twin Study of Aging and reported that
genetic factors accounted for 90% of the stability in IQ during
adulthood, a heritability estimate that tends to be much larger
than those that are generated with samples of children,
adolescents, or young adults. Second, environmental influences
have also been found to account for some of the stability in
IQ (Bishop et al., 2003; Davis, Arden, & Plomin, 2008). Earlier
in life, shared environmental influences appear to be slightly
more influential than nonshared environmental influences
(Plomin et al., 1993), though later in life genetic influences tend
to emerge as the most salient (Plomin et al., 1994). Third,
changes in IQ over time also have been found to be affected by a
combination of genetic, shared environmental, and nonshared
environmental influences (Bishop et al., 2003; Davis et al.,
2008; for a review see Thompson, 1993). The precise estimates,
however, vary and appear to be a function of the developmental time period being studied, the exact measure of IQ, and
other sample-specific characteristics.
3. The current study
Given the heterogeneity in effect sizes owing to differences in studies, the current study examined the genetic
and environmental architecture to the stability in IQ in two
distinct samples. The first sample consisted of children who
were born in the 1950s and assessed on IQ at age 4 and again
at age 7. The second sample consisted of youth who were in
middle and high school in the 1990s and who were assessed
on vocabulary IQ during adolescence and again in early
adulthood. By using two samples we will not only be able to
compare the results of the current study with those previously
published, but we will also be able to compare the findings
generated in this study across a period of development beginning in early childhood and ending in early adulthood.
4. Methods
4.1. Data
4.1.1. National Collaborative Perinatal Project (CPP)
The CPP was used to examine the stability and change
in IQ during early childhood. The CPP is a prospective birth
cohort study which initiated in 1959 and continued subject
enrollment until 1965. Pregnant women were recruited for
inclusion in the study from 12 university affiliated hospitals
across the United States, typically during their first clinical
visit. Various medical professionals collected extensive data
during each mother's pregnancy, during delivery, and after
the birth of the child. Additional information was collected
regarding each mother's lifestyle including socioeconomic
information, exposure to potential carcinogens or chemicals,

and substance use (Hardy, 2003). Overall, the CPP sample
included approximately 60,000 pregnancies and over 58,000
live births (Hardy, 2003).
Children included in the sample were subjected to a wide
variety of tests taking place across multiple ages. More specifically, children were subjected to various tests carried out
by trained medical and psychological professionals tapping
multiple aspects of development including general health,
neurological functioning, physical and mental development,
and behavioral patterns. Children included in the CPP underwent extensive examinations at five time periods: 4 months,
8 months, 1 year, 4 years, and 7 years. The results of multiple
studies indicate that sample attrition was relatively minimal,
with retention rates ranging between 75 and 88% across each
time period (Hardy, 2003; Klebanoff, 2008). The resulting
data cover a critically important developmental period—early
childhood—and provide information on a wide variety of
subject areas. Importantly, several aspects of the 4-year and
7-year examinations were aimed at directly assessing the
cognitive and neurological development of the children
included in the sample (Nichols & Chen, 1981).
Nested within the overall sample of children in the CPP
is a large subsample of twin births. In total, there were 615
pairs of twins born during the CPP study period. Zygosity was
determined via blood typing and both microscopic and gross
examination of the placenta. Of the 615 twin births, 187 were
monozygotic (MZ) twin pairs, 112 were same-sex dizygotic
(DZ) twin pairs, and 204 were different-sex DZ twin pairs
(316 total DZ twin pairs). In addition, there were 117 twin
pairs whose zygosity was not determined (Myrianthopoulos,
1970). In the current study, all ambiguous twin pairs were
coded half way between MZ and DZ twin status (r = .75).1
In addition to twin births, the CPP also contains over 6,000
women who were registered for more than one pregnancy
over the study period. Consequently, various types of nontwin kinship pairs (e.g., full siblings, half siblings) can be
identified within the full sample by assessing whether siblings
born to the same mother shared the same father. Siblings who
share the same father were coded as full siblings and siblings
who have different fathers (but the same mother) were coded
as half siblings. Importantly, these coding procedures have
been used in prior research (Nichols & Chen, 1981). For all
households with more than one sibling pair, a single pair was
randomly selected, but all twin pairs were retained with
certainty. In this way, for all households with a twin pair and
additional sibling pairs, only the twin pair was retained in the
final analytical sample. In all, the current study includes MZ
twin pairs, ambiguous twin pairs, DZ twin pairs, full-sibling
pairs, and half-sibling pairs.
4.1.2. National Longitudinal Study of Adolescent Health (Add
Health)
The Add Health was used to examine the stability and
change in IQ during adolescence and young adulthood. The

1
The analyses were repeated using two additional coding schemes for the
ambiguous twin pairs. First, all ambiguous twins pairs were omitted from
the ﬁnal analytic sample. Second, all ambiguous twin pairs were coded as DZ
twins (r = .50). In both sets of supplemental analyses, the overall pattern of
results was not substantively different from those reported in the current
study.
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Add Health is a prospective nationally representative sample
of American youths consisting of multiple waves of data
collection. The first wave of data collection was carried out
between 1994 and 1995, and included a nationally representative sample of middle and high schools in the United States.
Over 90,000 youths participated in the in-school portion of
the wave 1 interviews. In an effort to obtain more detailed
information, a subsample of youths who participated in the
in-school portion of the study were also asked to participate
in the in-home portion. More than 20,000 youth—between
the ages of 12 and 21—and over 17,000 of their primary
caregivers (most often the respondent's biological mother)
participated in the in-home portion of the study (Harris et
al., 2003; Udry, 2003). Respondents were asked questions
pertaining to a wide variety of topics including family relationships, school interactions, and substance use.
The second wave of data collection was carried out during
1995 and 1996, approximately 1–2 years after the completion of wave 1. Due to the short period of time that had
passed since the completion of wave 1 of the project, many of
the same survey items used during wave 1 interviews were
retained in the questionnaires administered during wave 2
interviews. In total, 14,738 youths who participated in the
in-home portion of the wave 1 interviews also participated
in wave 2 of the study. Wave 3 of the study was carried out
between 2001 and 2002, approximately 5 years after the
completion of wave 2 interviews and included more than
15,000 youths. Due to the age range of the respondents at
wave 3 (between 18 and 26 years old), the administered
questionnaires were modified to take into account more age
appropriate topics such as employment history, parenting
practices, and contact with the criminal justice system (Harris
et al., 2003; Udry, 2003).
A unique aspect of the Add Health is that a subsample of
sibling pairs from the same household are nested within the
full sample (Harris, Halpern, Smolen, & Haberstick, 2006).
Sibling pairs were identified during wave 1 interviews by
asking respondents whether they had a co-twin or sibling
that lived with them. Cousins, genetically unrelated siblings,
half-siblings, and co-twins were included in the sample with
certainty. In addition, a random sample of full-siblings between the ages of 11 and 20 was also included in the study. In
total, over 3,000 sibling pairs were included in the study. The
final analytic sample used in the current study was limited to
MZ twins, DZ twins, full-sibling pairs, and half-sibling pairs.
5. Measures
5.1. IQ scores
CPP. Mental and motor performance of the children
included in the CPP was assessed at age 4 with a wide
variety of assessments, including an abbreviated version of
the third edition of the Stanford–Binet IQ scale, form L–M
(Nichols & Chen, 1981). The abbreviated version of the scale
included four of the six items at each age level included in the
full scale. A more in-depth discussion of the construction,
reliability, and validity of the revised Stanford–Binet scale
can be found elsewhere (Broman, Nichols, & Kennedy, 1975).
Children included in the CPP sample were reassessed at age 7,
at which time they underwent an extensive psychological
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examination. During the 7 year examination, an abbreviated
version of the Wechsler Intelligence Scale for Children (WISC)
was administered. Scores on the WISC were used to generate
verbal IQ (VIQ), performance IQ (PIQ) and full-scale IQ (FSIQ)
scores (Nichols & Chen, 1981). For both IQ measures, all
individuals with scores lower than 50 were considered outliers
and omitted from the final analytic sample.2 Importantly, the
WISC has been used in previous studies analyzing the CPP
(Jusko, Klebanoff, Brock, & Longnecker, 2012; Rushton, 1997;
Turkheimer, Haley, Waldron, D'Onofrio, & Gottesman, 2003).
Add Health. IQ was assessed in the Add Health using
vocabulary IQ scores (Rowe, Jacobson, & Van den Oord, 1999).
Vocabulary IQ was measured using the Picture Vocabulary Test
(PVT), which is an abbreviated version of the full Peabody
Picture Vocabulary Test Revised (PPVT-R). The PVT was
administered during wave 1 and wave 3 interviews and was
standardized by age. Once again, individuals scoring less than
50 on either measure of vocabulary IQ were omitted from
the final analytic sample. Importantly, previous studies analyzing the Add Health data have used the PVT as a measure of
vocabulary IQ (Rowe et al., 1999; Schwartz & Beaver, 2013; van
den Oord & Rowe, 1999).
5.2. Covariates
CPP. Two demographic controls were included in the
statistical models involving the CPP data. First, race was
measured dichotomously where 0 = White and 1 = African
American. Second, gender was also coded dichotomously
where 0 = female and 1 = male.
Add Health. Three demographic control variables were
included in the analyses involving the Add Health data. First,
race was measured as a dichotomous variable where 0 =
White and 1 = African American. Second, age was measured as
a continuous variable measured in years. Third, gender was
measured dichotomously where 0 = female and 1 = male.
5.3. Analysis plan
The analysis for the current study was carried out in four
interconnected steps. First, descriptive statistics of all study
variables were produced for both the CPP and the Add Health.
Second, cross-sibling correlations were estimated for each of
the IQ measures across all levels of genetic relatedness separately for each sample. Third, a series of univariate ACE models
were fit to all four IQ measures. This behavior genetic modeling
strategy allows for the decomposition of variance within a
given measure into three separate latent constructs: additive
genetic (symbolized as A); shared environmental (symbolized
as C); and nonshared environmental (symbolized as E) influences. Variance decomposition is performed by estimating
the cross-sibling covariance explained by each construct on a
single phenotype. Importantly, the covariance estimates for
each latent construct are constrained to reflect the extent to
which siblings covary across each construct. Additive genetic
influences (A) were constrained based on the level of genetic
relatedness between each sibling pair with the correlation between MZ twins constrained to 1.00, the correlation between
2
Including the outliers in the ﬁnal analytic sample did not result in a
substantive change in the ﬁndings of any of the estimated models.
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ambiguous twin pairs constrained to .75, the correlation
between DZ twins and full siblings constrained to .50, and the
correlation between half siblings constrained to .25. Shared
environmental influences (C) are constrained to correlate at
1.00 for all sibling pairs since such influences equally impact
both siblings. Finally, nonshared environmental influences
(E) capture effects that result in differences between siblings
from the same household (in addition to measurement error),
and were allowed to vary freely. Fig. 1 presents a graphical
representation of a univariate ACE model in which the variance
within a single IQ measure is decomposed into A, C, and E
components.
The fourth step in the analysis involved estimating the
extent to which additive genetic, shared environmental, and
nonshared environmental factors influenced the stability of
IQ from one time period to the next. A bivariate Cholesky
decomposition model was calculated to estimate the proportion of covariance between each of the IQ measures within
each sample explained by additive genetic, shared environmental, and nonshared environmental influences (Neale &
Cardon, 1992). Fig. 2 presents a graphical representation of a
bivariate Cholesky decomposition model in which the covariance between IQ measures taken at two time periods is
decomposed into A, C, and E components. The path estimates
of a11, a21, c11, c21, e11, e21 were used to estimate the
influence of A, C, and E on the stability of IQ over time within
each sample separately. Corresponding path estimates were
multiplied and then summed to estimate the total correlation
between two IQ estimates:

(e11 ∗ 21) by the total correlation. A more detailed description
of the analytic procedure can be found elsewhere (Larsson,
Larsson, & Lichtenstein, 2004; Neale & Cardon, 1992).
The fifth and final step in the analytic strategy involved
estimating the extent to which genetic and environmental
factors contribute to changes in IQ from one observation to
the next within each sample. The path coefficients of a22,
c22, and e22, were used to estimate the influence of A, C, and
E on changes in IQ from one observation to the next within
each sample separately. In order to estimate overall change
in IQ from one observation to the next each path coefficient
was squared and then all three were summed (a222 +
c222 + e222). Each squared coefficient was then divided by
the overall change score to estimate the proportion of overall
change that was explained by that component. For example,
the proportion of overall change explained by genetic influences would be estimated by dividing a222 by the overall
change score.
Importantly, the effects of all demographic control variables
were residualized out of each examined outcome measure prior
to estimating all univariate ACE and bivariate Cholesky models.
This procedure was performed by regressing each outcome
measure on all demographic controls, effectively removing any
variance that could be attributed to demographic differences
between respondents included in either sample. In addition,
all models were calculated using a maximum likelihood estimator with robust standard errors (MLR), using the structural
equation modeling software Mplus version 7.1 (Muthén &
Muthén, 2012).

r ¼ ða11  a21Þ þ ðc11  c21Þ þ ðe11  e21Þ

6. Results

ð1Þ

The analysis began by producing the descriptive statistics
for all study variables within each sample. Means, frequencies, standard deviations, maximum/minimum values, and
other descriptive statistics for all variables included in the
analysis are presented in Table 1. Within the CPP sample, the
average age 4 IQ was 96.73 (SD = 16.45), and the average
age 7 IQ was 95.05 (SD = 14.78), with a stability coefficient
of .67 (p b .001). Additionally, 51.38% of the final analytical

In order to estimate the proportion of the total correlation explained by genetic factors, the product of (a11 ∗ a21)
was divided by the value of the total correlation. Similarly,
the proportion of the total correlation explained by the
shared environment was estimated by dividing the product
of (c11 ∗ c21) by the total correlation. Finally, the proportion of the total correlation explained by nonshared environmental factors was estimated by dividing the product of
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Fig. 1. Univariate ACE model for all IQ measures.
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C2

E2

r = 1.00

C1

E2

e22

e21

C2

E2

r = 1.00

Note: A1, C1, and E1 represent genetic, shared environmental, and nonshared environmental effects common to IQ at time 1 and time
2; A2, C2, and E2 represent genetic shared environmental, and nonshared environmental effects unique to IQ at time 2.
Fig. 2. Bivariate Cholesky decomposition model for the stability and change in IQ.

sample within the CPP was male and the remaining 46.28%
of the sample was female. Approximately 48% of the CPP
sample was African American and 52% was White. The mean
Table 1
Descriptive statistics for CPP and Add Health study variables.

CPP
Age 4 IQ
Age 7 IQ
Gender
Male
Female
Race
White
African American
Sibling pairs
MZ twin pairs
Ambiguous twin pairs
DZ twin pairs
Full sibling pairs
Half sibling pairs
Add Health
Wave 1 Vocabulary IQ
Wave 3 Vocabulary IQ
Age
Gender
Male
Female
Race
White
African American
Sibling pairs
MZ twin pairs
DZ twin pairs
Full sibling pairs
Half sibling pairs

Mean/Frequency

SD/%

Min–Max

96.73
95.05

16.45
14.78

50–160
50–153

4259
4030

51.38%
46.28%

–
–

3781
3479

52.08%
47.92%

–
–

187
117
305
7194
905

2.15%
1.34%
3.50%
82.61%
10.39%

–
–
–
–

98.19
100.41
16.07

14.19
13.04
1.73

51–141
54–123
12–21

2099
2075

50.29%
49.71%

–
–

2656
932

74.02%
25.98%

–
–

278
437
1023
349

13.32%
20.94%
49.02%
16.72%

–
–
–
–

Note: MZ = monozygotic, DZ = dizygotic.

wave 1 vocabulary IQ score within the Add Health data was
98.19 (SD = 14.19) and the mean wave 3 vocabulary IQ
score was 100.41 (SD = 13.04), with a stability coefficient
of .68 (p b .001). There were slightly more males (50.29%)
than females (49.71%) within the Add Health sample. Finally,
74.04% of the Add Health sample was White and 25.98% were
African American.
Table 2 presents the cross-sibling correlation coefficients
for each of the examined IQ measures across various levels
of genetic relatedness. The results for both the CPP and Add
Health samples revealed that the magnitude of the correlation coefficients increased as the level of genetic relatedness
increased. For example, within the CPP sample, MZ twins
more closely resemble one another across both measures of
IQ than ambiguous twins, DZ twins and full sibling pairs, and
half-sibling pairs. The same pattern was present within the
Add Health data. These results provide preliminary evidence
suggesting that genetic factors play a significant role in the
development of IQ.
For all univariate ACE models, model fit statistics were
used to assess the best fitting and most parsimonious model.
Specifically, the comparative fit index (CFI), Tucker–Lewis
index (TLI), and root mean square error of approximation
(RMSEA) were used to determine goodness of fit. Difference
in coefficients Wald's χ2 tests were used to assess whether
constraining any of the components in the baseline ACE
model resulted in a more parsimonious model. More specifically, if the constraint of any of the components of the
baseline ACE model resulted in a nonsignificant change in χ2,
this model would be considered the most parsimonious and
best-fitting model.
Table 3 presents the results of a series of univariate ACE
models that decompose the variance of the age 4 and age 7 IQ
scores within the CPP sample. As a reminder, the effects of
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Table 2
Cross-sibling correlations for CPP and Add Health IQ measures.
CPP

Age 4 IQ

Age 7 IQ

MZ
Ambiguous twins
DZ twins/full siblings
Half siblings

.78⁎⁎
.75⁎⁎
.57⁎⁎
.36⁎⁎

.81⁎⁎
.62⁎⁎
.55⁎⁎
.34⁎⁎

Add Health

Wave 1 Vocabulary IQ

Wave 3 Vocabulary IQ

MZ Twins
DZ Twins/Full Siblings
Half Siblings

.79⁎⁎
.54⁎⁎
.41⁎⁎

.71⁎⁎
.55⁎⁎
.43⁎⁎

⁎⁎ p b .01.

race and gender were residualized out of both IQ measures
prior to the estimation of the ACE models. The best fitting
model for the age 4 IQ measure was the full ACE model with
genetic influences explaining 45% of the variance, shared
environmental influences explaining 27% of the variance, and
nonshared environmental influences explaining the remaining
28% of the variance. For the 7 year IQ measure, the full ACE
model fit the data well and constraining any of the components
of the baseline model resulted in a significant change in χ2,
indicating that the baseline model was the best fitting and most
parsimonious model. The results indicated that 55% of the
variance in the 7 year IQ measure was explained by additive
genetic influences, 19% was explained by shared environmental influences, and the remaining 26% of the variance was
explained by nonshared environmental influences.
Table 4 presents the results of a series of univariate ACE
models examining genetic and environmental influences on
wave 1 and wave 3 vocabulary IQ measures within the Add
Health. Importantly, the effects of age, race, and gender were
residualized out of both vocabulary IQ measures prior to the

calculation of the ACE models. For the wave 1 vocabulary IQ
measure, the full ACE model was the best-fitting model. The
results indicated that 47% of the variance in vocabulary IQ at
wave 1 was explained by genetic influences, 23% was explained
by shared environmental influences, and the remaining 30%
was explained by nonshared environmental influences. For
the wave 3 vocabulary IQ measure, the full ACE model was also
the best fitting model. The results indicated that 49% of the
variance in the wave 3 vocabulary IQ measure was explained
by genetic influences, 20% of the variance was explained by the
shared environment, and the remaining 31% was explained by
the nonshared environment.
Table 5 provides the proportion of stability and change in
IQ that can be explained by A, C, and E within each sample
separately. Unstandardized path coefficients from a bivariate
Cholesky decomposition model were utilized to examine
genetic and environmental contributions to the stability and
change between age 4 and age 7 IQ within the CPP. The
results revealed that genetic influences explain 54% of the
stability in IQ from age 4 to age 7, while the shared environment explained 41% of the stability and the nonshared
environment explained the remaining 5%. Conversely, 60% of
the change in IQ between the ages of 4 and 7 was explained by
genetic factors, 15% was explained by the shared environment,
and the remaining 25% was explained by nonshared environmental influences. A second bivariate Cholesky decomposition
model was estimated to examine the stability and change
between the wave 1 and wave 3 vocabulary IQ measures in
the Add Health. The results indicated that 75% of the stability
in vocabulary IQ was explained by genetic influences, 24%
was explained by shared environmental influences, and the
remaining 1% of the stability was explained by nonshared
environmental influences. Alternatively, 61% of the change in
vocabulary IQ was explained by genetic influences, 9% was
explained by the shared environment, and the remaining 30%
was explained by the nonshared environment.

Table 3
Univariate biometric models for age 4 IQ and age 7 IQ: CPP.

4 year IQ
ACE
AE
CE
E

7 year full-scale IQ
ACE
AE
CE
E

A

C

E

.45⁎⁎
(.33–.57)
.84⁎⁎
(.82–.87)
.00
(.00–.00)
.00
(.00–.00)

.27⁎⁎
(.21–.34)
.00
(.00–.00)
.49
(.47–.51)
.00
(.00–.00)

.28⁎⁎
(.22–.34)
.16⁎⁎
(.13–.18)
.51
(.49–.53)
1.00
(1.00–1.00)

.55⁎⁎
(.42–.67)
.83⁎⁎
(.81–.86)
.00
(.00–.00)
.00
(.00–.00)

.19⁎⁎
(.12–.26)
.00
(.00–.00)
.46⁎⁎
(.44–.49)
.00
(.00–.00)

.26⁎⁎
(.20–.33)
.17⁎⁎
(.14–.20)
.54⁎⁎
(.52–.56)
1.00
(1.00–1.00)

χ2

Δχ2

173.83⁎⁎

CFI

TLI

RMSEA

.97

.98

.04

261.33⁎⁎

46.60⁎⁎

.95

.96

.06

176.42⁎⁎

38.58⁎⁎

.96

.97

.05

2090.48⁎⁎

.56

.67

.16⁎⁎

.98

.99

.04

1891.37

132.22⁎⁎
178.202⁎⁎

21.43⁎⁎

.97

.98

.04

175.67⁎⁎

51.63⁎⁎

.97

.98

.04

1744.47⁎⁎

1756.19⁎⁎

.64

.73

.15⁎⁎

Note: All models were estimated using a maximum likelihood estimator with robust standard errors (MLR).
Race and sex were residualized prior to estimating each model.
Best fitting model bolded.
⁎⁎ p b .01.
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Table 4
Univariate biometric models for Wave 1 and Wave 3 Vocabulary IQ: Add Health.

Wave 1 IQ
ACE
AE
CE
E

Wave 3 IQ
ACE
AE
CE
E

A

C

E

.47⁎⁎
(.35–.60)
.75⁎⁎
(.70–.79)
.00
(.00–.00)
.00
(.00–.00)

.23⁎⁎
(.15–.31)
.00
(.00–.00)
.48⁎⁎
(.45–.52)
.00
(.00–.00)

.30⁎⁎
(.24–.36)
.25⁎⁎
(.21–.30)
.52⁎⁎
(.48–.55)
1.00
(1.00–1.00)

.49⁎⁎
(.33–.65)
.72⁎⁎
(.66–.78)
.00
(.00–.00)
.00
(.00–.00)

.20⁎⁎
(.10–.30)
.00
(.00–.00)
.46⁎⁎
(.42–.50)
.00
(.00–.00)

.31⁎⁎
(.23–.39)
.28⁎⁎
(.22–.34)
.54⁎⁎
(.50–.58)
1.00
(1.00–1.00)

χ2

Δχ2

47.26

CFI

TLI

RMSEA

1.00

1.00

.01

77.15⁎⁎

21.63⁎⁎

.96

.97

.04

91.04⁎⁎

38.63⁎⁎

.95

.96

.04

579.63⁎⁎

690.52⁎⁎

.40

.49

.14⁎⁎

1.00

1.01

.00

36.81
53.17

10.56⁎⁎

.99

.99

.02

77.74⁎⁎

25.24⁎⁎

.95

.96

.04

342.23⁎⁎

365.85⁎⁎

.56

.63

.11⁎

Note: All models were estimated using a maximum likelihood estimator with robust standard errors (MLR).
Race and sex were residualized prior to estimating each model.
Best fitting model bolded.
⁎ p b .05.
⁎⁎ p b .01.

6.1. Supplemental analyses
Given that there are important racial differences in IQ
(Jensen, 1998), we also examined whether the bivariate
Cholesky models revealed a similar pattern of results for
Whites and African Americans by reestimating the models
within race.3 Table 6 presents the results of these supplemental analyses. As can be seen, for the White CPP sample,
genetic factors explained 36% of the stability in IQ from age
4 to 7, while the shared environment explained 60% of
the stability and the nonshared environment explained the
remaining 4%. Moreover, 50% of the change in IQ was explained by genetic influences, 26% was explained by the
shared environment, and the remaining 24% of the change
was explained by nonshared environmental influences. For the
White Add Health sample, 79% of the stability in vocabulary IQ
was explained by genetic factors and the remaining 21% of the
stability was explained by the shared environment whereas
73% of the change in vocabulary IQ was explained by genetic
influences, 7% was explained by the shared environment, and
the remaining 20% was explained by nonshared environmental
influences.
The second set of columns in Table 6 presents the results
for African-American subsamples within the CPP and the Add
Health. The results of these models revealed that 73% of the
stability in IQ in the CPP sample was explained by genetic
factors, 22% was explained by shared environmental factors,
and the remaining 6% of the stability was explained by the
nonshared environment. In addition, 66% of the change in IQ
3
The univariate ACE models were also reestimated separately for Whites
and African Americans within the CPP and the Add Health. The overall
pattern of results from these models was similar to results presented in
Tables 3 and 4, with most of the estimates having overlapping conﬁdence
intervals. For this reason, the results of the race-speciﬁc univariate models
are not presented.

was explained by genetic factors, 8% was explained by the
shared environment, and the remaining 25% of the change was
explained by nonshared environmental influences. Similarly,
88% of the stability in vocabulary IQ in the Add Health sample
was explained by genetic factors and the remaining 12% of the
stability was explained by shared environmental influences.
Finally, 48% of the change in vocabulary IQ was explained by
genetic influences, 6% was explained by the shared environment, and the remaining 47% was explained by nonshared
environmental influences.
7. Discussion
Studies examining the effects of IQ on later-life outcomes
have found significant associations, with IQ scores in childhood
and adolescence predicting behaviors, educational achievement, occupational choices, and salary well into adulthood
(Jensen, 1998; Deary, 2012). This should not be too surprising
given that IQ scores have been found to be relatively stable over
long periods of time. Even so, there remains much to be learned
about the stability of IQ within different periods of human

Table 5
Bivariate biometric models for stability and change in IQ for CPP and Add
Health samples.

Age 4 to Age 7 IQ (CPP)
Stability
Change
Wave 1 to Wave 3 IQ (Add Health)
Stability
Change

A

C

E

.54
.60

.41
.15

.05
.25

.75
.61

.24
.09

.01
.30

Notes: All models were estimated using a maximum likelihood estimator
with robust standard errors (MLR).
Race and sex (and age for models analyzing data from the Add Health) were
residualized prior to estimating each model.
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Table 6
Bivariate biometric models for stability and change in IQ for White and
African-American subsamples within the CPP and Add Health.
White subsample
A

C

Age 4 to Age 7 IQ (CPP)
Stability
.36
.60
Change
.50
.26
Wave 1 to Wave 3 IQ (Add Health)
Stability
.79
.21
Change
.73
.07

African American subsample
E

A

C

E

.04
.24

.73
.66

.22
.08

.06
.25

.00
.20

.88
.48

.12
.06

.00
.47

Notes: All models were estimated using a maximum likelihood estimator
with robust standard errors (MLR).
Sex (and age for models analyzing data from the Add Health) was residualized
prior to estimating each model.

development and, moreover, there remains much to be learned
about the various mechanisms that account for the stability
of IQ over different developmental time periods. The current
study was designed to shed some light on these issues by
examining the stability of IQ in two independent samples of
kinship pairs. The results generated from the analyses revealed
three main findings.
First, and in line with previous research (Deary et al., 2000;
Raguet et al., 1996), IQ scores were found to be relatively stable
in both samples. More specifically, the CPP data were used
to assess the stability of IQ over a three-year time period during
childhood. The results revealed a relatively high stability
coefficient of r = .67. Very similar results were generated
with the Add Health data wherein the stability of vocabulary IQ
over a seven-year time period from adolescence to adulthood
was r = .68. Taken together these findings suggest that IQ is
relatively stable and this stability was detected in childhood
and in adolescence/young adulthood and did not appear to
decrease as the time lag between waves increased.
The second main finding to emerge from the analyses was
that a combination of genetic and environmental factors
accounted for the wave-to-wave stability in IQ scores, with
the majority of stability being attributable to genetic factors.
For the CPP, 54% of the stability was due to genetic factors,
41% was the result of shared environmental factors, and 5%
was accounted for by nonshared environmental influences.
Similarly, for the Add Health, 75% of the stability was due to
genetic factors, 24% was due to shared environmental influences,
and 1% was the result of nonshared environmental factors.
Comparing across the two samples, the genetic influence on
stability appears to increase from childhood to adolescence/
adulthood, while the shared environmental influence decreases.
These findings comport with those reported previously showing
that genetic influences on IQ increase across the life course
whereas shared environmental influences tend to decrease
(Plomin et al., 1993, 1994). Importantly, in the race-specific
models, genetic factors were more influential for the stability
of IQ for African-Americans when compared to Whites. Given
the lack of existing research on this topic, replication studies
are needed to determine whether similar estimates would be
garnered in other samples.
Third, statistical models were also estimated revealing
that genetic, shared environmental, and nonshared environmental influences accounted for changes in IQ scores. Once

again, genetic factors accounted for most of the change. In the
CPP data, genetic influences accounted for 60% of the change,
shared environmental factors accounted for 15% of the change,
and nonshared environmental influences accounted for 25%
of the change. In the Add Health, the genetic effect accounted
for 61% of the change, while the shared environmental and
nonshared environmental factors accounted for 9% and 30% of
the change, respectively.
Given how central IQ is to life outcomes (Deary, 2012), it
is not surprising that there is a great deal of interest in
determining the factors that affect the unfolding of IQ across
the life course (Jensen, 1998). There have been efforts to
increase IQ in childhood and adolescence, as well as a great
deal of interest in trying to bring relatively low IQ scores up
to the normal range of variation. However, for the most part
these efforts have been relatively unsuccessful (Jensen, 1969,
1998; Rushton & Jensen, 2005). Perhaps part of the reason
that improving IQ scores is so difficult is because they are
largely influenced by genetic factors and genetic factors also
underlie the stability of IQ. Of course, genetic influences do
not represent a fixed, immutable effect, but rather fluctuate
based on exposure to different environments (Turkheimer
et al., 2003). As a result, future efforts designed to improve IQ
scores and perhaps alter IQ trajectories should begin to examine
the various ways that genetic influences can be manipulated
through concerted intervention efforts.
Although this study analyzed two separate samples to
estimate the stability of IQ and the genetic and environmental underpinnings to such stability, there are a number of
limitations that need to be addressed in future studies. First,
although the stability of IQ was estimated in childhood and
in adolescence/adulthood, we were unable to examine the
stability of IQ from childhood to adulthood. It would be
interesting to examine the stability of IQ over the entire life
course and to estimate the genetic and environmental influences on IQ during this time period. Second, the CPP data
are somewhat outdated as they were collected in the 1950s.
Whether the findings generated from this sample would
generalize to more contemporary samples remains to be
determined, though it is important to point out that the
estimates are in line with those reported in more recent
samples (e.g., Boomsma & van Baal, 1998). Third, the Add
Health data only included measures of vocabulary IQ at waves
1 and 3 and so we were only able to assess the stability of IQ in
the Add Health data from vocabulary IQ scores. Whether this
same pattern of findings would have been detected with other
measures of IQ awaits future research.
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