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Abstract Can a heritability value tell us something about the weight of genetic

versus environmental causes that have acted in the development of a particular
individual? Two possible questions arise. Q1: what portion of the phenotype of X is

due to its genes and what portion to its environment? Q2: what portion of X’s

phenotypic deviation from the mean is a result of its genetic deviation and what

portion a result of its environmental deviation? An answer to Q1 provides the full

information about X’s development, while an answer to Q2 leaves out a large

portion unexplained—that portion which corresponds to the phenotypic mean. Q1 is

unanswerable, but I show it is nevertheless legitimate under certain quantitative

genetics models. With regard to Q2, opinions in the philosophical and biological

literature differ as to its legitimacy. I argue that not only is it legitimate, but in

particular, under a few simplifying assumptions, it allows for a quantitative prob-
abilistic answer: for normally distributed quantitative traits with no G-E correlation

or statistical G 9 E interaction, we can assess the probability that X’s genes had a

greater effect than its environment on its deviation from the mean population value.

This probability is expressed as a function the heritability and the individual’s

phenotypic value; we can also provide a quantitative probabilistic answer to Q2 for

an arbitrary individual where the probability is a function only of heritability.
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The problem

‘‘In behavioral sciences, the three essential guidelines are probability,
probability, and probability.’’
—Sandra Scarr (commentary to Gottlieb 1995).

Can a heritability value tell us something about the weight of genetic versus

environmental causes that have acted in the development of a particular
individual1? Two possible questions arise with regard to an individual X:

Q1: What portion of the phenotype of X is due to its genes and what portion to its

environment?

Q2: What portion of X’s phenotypic deviation from the mean is a result of its

genetic deviation and what portion a result of its environmental deviation?

Both Q1 and Q2 are questions about the target individual, but Q1 does not

reference population values like mean or variance whereas Q2 is a question about

the deviation from a mean and, therefore, is relative to population values. It is

vital to appreciate the difference in principle between Q1 and Q2: Q1 involves

apportioning the phenotypic value of X into genetic and environmental

contributions, while Q2 wishes only to find how much each cause shifted X’s

phenotype from the mean of the population. In other words, an answer to Q1

provides the full information about X’s development, while an answer to Q2

leaves out a large portion unexplained—that portion which corresponds to the

phenotypic mean.

According to most critics of heritability Q1 is unanswerable in principle and is in

fact a nonsensical question (as we shall see in what follows; see Sarkar 1998, p. 78;

Lewontin 1974; Griffiths et al. 2005; Sober 1988; Pearson 2007). After all, can we

seriously ask, looking at height for instance, that the 170 cm of X’s height is made

up of 140 cm genetic contribution and 30 cm environmental contribution? Both

these causes are necessary for X to have height at all, and both interact in

development—how then could such a partition be realized? I will argue that the

legitimacy2 of this question is dependent on the underlying quantitative genetics

1 Though I start with a question about inferences to the development of a particular individual, in what

follows I also relate to a question about an arbitrary individual. An individual is particular in the sense

that we have prior knowledge of its phenotypic value (height, IQ, etc.). An individual is arbitrary in the

sense that it is randomly sampled from the whole population, without any prior knowledge of its

phenotype. The philosophic literature generally does not make this distinction when discussing ‘inference

to individuals’, referring simply to inferences from heritability to causative factors in development. For

instance, see Van der Steen’s (1999) use of ‘‘the level of individuals’’.
2 I use ‘‘legitimate’’ in the sense of reasonable, meaningful, sensible, or justifiable question. A question is

made legitimate also by virtue its context, which in our case is the underlying quantitative model. This is

different from my subsequent use of ‘‘answerable’’ which requires that sufficient information is available

to answer the question.
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model we choose to base our variance analysis upon, but indeed unanswerable in

practice, not even probabilistically, irrespective of the model. With regard to Q2,

opinions in the literature differ, and I will argue that under all models we can in
practice provide a probabilistic answer in quantitative terms.

First, I need to clarify what I mean by definite vs. probabilistic, qualitative vs.

quantitative, and in principle vs. in practice assertions, with respect to the answers to

these two questions. The first dichotomy differentiates between assertions that are

made with 100% certainty and those that are only probable. If the assertion is in

probabilistic terms, it may be merely qualitative, as in ‘in all likelihood’ or ‘very

unlikely’, or be made with quantitative probability values—‘it is 85% probable that

S is true’. The third dichotomy differentiates between answers that are possible

since the model in principle allows for them, and those that are also possible to be

resolved in practice, using experimental data and methods.

Before we discuss the prospects of Q1 and Q2 we need to describe the

underlying models upon which almost all discussions of these issues are based.

The general model in quantitative genetics for partitioning the phenotypic

variance, upon which the analysis of variance is based, is the linear model that

assumes the phenotype is a linear combination of genetic and environmental

components (called genotypic and environmental values), symbolically:

P = G ? E, where G and E are independent variables that are measured in units
of P. From this follows a partition of the variance, VP = VG ? VE and similarly,

VG and VE are portions of VP.

There are three variations in the literature for the linear phenotypic model, which

I denote M1, M2, and M3 (provisional versions are being put forward, with

modifications to follow). The first model, due primarily to Falconer and Mackay

(1996); (earlier edition also quoted in Hirsch 1967, p. 217), treats P as a genotypic

value G plus an environmental deviation E.

We may think of the genotype conferring a certain value on the individual and

the environment causing a deviation from this, in one direction or the other.

Or, symbolically, P = G ? E, where P is the phenotypic value, G is the

genotypic value, and E is the environmental deviation. The mean environ-

mental deviation in the population as a whole is taken to be zero, so that the

mean phenotypic value is equal to the mean genotypic value. (Falconer and

Mackay 1996, p. 108)

In effect, we can relate to P, G, and E as random variables where P = G ? E and

where P describes the known phenotypic values of individuals in a given population.

In this particular model the population mean refers equally to the mean of P or G,

irrespective of their distribution.

M1: P = G ? E, where G has the same mean as P and E is a deviation from this

mean.

Falconer and Mackay note (p. 108) in respect to the genotypic value (G) that ‘‘in
principle it is measurable, but in practice it is not, except when we are concerned

with a single locus where the genotypes are phenotypically distinguishable, or with

the genotypes represented in highly inbred lines.[emphasis added]’’ The first

exception effectively requires that we have an exact genetic model where the effect
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of each allele on the phenotypic value is known—typically in a single locus model

or in highly inbred lines.3 The second exception where measuring G is possible

involves placing a replicated genotype in various normal environmental conditions

and measuring the phenotypic value for each. Since the mean of E is zero the

phenotypic value should reflect the ‘hidden’ genotypic value. Falconer and

Mackay’s interpretation of P = G ? E, therefore, takes G and E to be real and in
principle quantifiable parameters.

The second model (for e.g., Griffiths et al. 2005, p. 657; Walsh 2001, p. 176),

M2, simply takes G and E to be the actual genetic and environmental effects, both

obviously positive. For instance, in a review of the current state of quantitative

genetics, Walsh describes the classical model of this field:

Under classical quantitative genetics, we observe only the phenotypic value z

of an individual, which we regard as the sum of an unseen genetic (g) and

environment (e) value, z = g ? e. [p. 176, emphasis added]

M2: P = G ? E, where both G and E are actual values each with their separate

mean.

Finally, the third model, M3, takes P = l ? G ? E, where l is the population

average and G and E are the deviations from a mean of zero, positive or negative

(Hartl and Clark 1997, p. 425; Plomin et al. 2001, p. 345; Plomin et al. 1990, p.

223). For instance, a major textbook by Hartl and Clark (1997) employs this model

to describe the composition of each individual:

The model can be summarized by writing P = l ? G ? E where P represents

the phenotypic value of any individual and G and E are the genotypic and

environmental deviations pertaining to that individual. [p. 425, emphasis

added]

M3: P = l ? G ? E, where G and E are deviations from the phenotypic mean l,

each with a mean of zero.

All three models can be modified to allow for a G 9 E interaction component,

IGE, so that:

P = G ? E ? IGE, (or l ? G ? E ? IGE), and consequently (assuming inde-

pendence of terms), VP ¼ VG þ VE þ VG�E

For instance, in the context of our M1, Falconer and Mackay (ibid., p. 132)

introduce G 9 E interaction to the additive model:

When interaction between genotypes and environments is present, the

phenotypic value of an individual is not simply P = G ? E, as in equation

3 This is usually done for illustration purposes with a single locus two-allele model without environmental

contribution (as Falconer and Mackay do in p.110). In short, we have two alleles, A1 and A2, with respective

frequencies p and q and therefore three types of individuals and phenotypic values (which are also the

genotypic values): A1A1 with P = a, A1A2 with P = d, and A2A2 with P = -a. Further analysis allows us to

express the genotypic value for each genotypic type as a deviation from the population mean: with

simplifying assumptions, the Hardy–Weinberg equilibrium results in allele population frequencies of p2 for

A1A1, 2pq for A1A2 and q2 for A2A2. Now, one can arrive at the population mean, M = a(p-q) ? 2dpq, and

at the genotypic values as deviations: for A1A1 G = 2q(a - pd), for A1A2 G = a(q - p) ? d(1 - 2pq),

and for A2A2 G = -2p(a ? qd).

84 O. Tal

123



[7.1], but includes also an interaction component: P = G ? E ? IGE. The

interaction component gives rise to an additional source of variation and

equation [8.11] becomes VP = VG ? VE ? 2covGE ? VGE.

As with Falconer and Mackay, Plomin et al. (1990, p. 226) note that the

components of P are in principle measurable for each individual. Such a

composition is illustrated via a table of 5 individuals, each with its G, E, G 9 E,

and P values, all deviations from a mean, in compliance with the third model.

Moreover, G and E may be correlated so the variance of P includes a covariance

component:

VP ¼ VG þ VE þ VG�E þ 2covGE

It is important to realize that the three linear models, while very similar, are not

completely interchangeable since M1 and M2 contain location information—the

means of G and E—that is lost in a transformation to M3, which only includes the

global phenotypic mean.

Finally, note that the presence of a substantial G 9 E interaction component

destroys the legitimacy of both Q1 and Q2, since each individual will have a large

component that is not separately due to either genes or environment; but in the

presence of substantial G–E correlation only the legitimacy of Q2 is destroyed since

VP includes this component, while Q1 remains legitimate since the linear model for

P is not affected by it.

Analysis of Q1

Legitimacy

The implication from models M1 and M2 is that individuals can be modeled by

P = G ? E ? IGE where G, E, and IGE are the genotypic, environmental and

interaction values for P, respectively, in units of P. Therefore, under these models

Q1 (extended to include a possible interaction component) is not an illegitimate

question. I am not claiming that any numerical partition of the phenotype of X has

some correspondence to developmental reality—it certainly does not correspond to

reality in the simplistic sense where a portion of the height from ground up is

attributable to G while the other portions to E and IGE; I am claiming that if one

relies on these models of P for an analysis of variance then an underlying

assumption must be that individuals can be modeled as a linear combination of

genetic and environmental values (with an interaction component, if applicable).

However, the third model, P = l ? G ? E, renders such assertions with regard

to individuals illegitimate, since P cannot be decomposed only into G and E

components: P has a neutral component l which is then modulated by these genetic

and environmental deviations.4

4 The obvious drawback of this model is that in the context of Q1 it does not explain the causative factors

behind the l component. Nevertheless, since it takes G and E as deviations rather than absolute values, it

may best accord with intuitions over the relative influence of genes and environment in development.
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Answerability

As we have seen, Q1 is legitimate under the first and second models and illegitimate

under the third. However, adopting M1 has the surprising consequence of an almost
definite answer for Q1: for any individual, irrespective of the heritability, the genetic

component almost certainly made a larger effect than the environmental one. This is

a consequence of E having a mean of zero, and, therefore, only low values of E

(relative to values of G) have a non-negligible probability.5 Nevertheless, since this

result is independent of the heritability value, we shall ignore it as an artifact of M1.

On the other hand, if we adopt M2, Q1 would be impossible to answer in
probabilistic or definite terms for any individual. To see this, imagine two scenarios

for the distributions of G and E that involve two populations with the same

phenotypic distribution, both complying with M2 and having the same high

heritability (G varies within each population much more than E). From Fig. 1,

which depicts population A, it is straightforward to see that for almost any

individual from P there is a very high chance that G [ E. On the other hand, from

Fig. 2 which depicts population B it is straightforward to see that for almost any

individual from P there is a very high chance that E [ G. There is no way to know

which scenario we are dealing with for any given population. Consequently, under

the second model, mere knowledge of h2 does not allow us to assess the (relative or

absolute) contributions of G and E, irrespective of the value of P.6

In Summary, the legitimacy of Q1 is dependent on the particular phenotypic

model we adopt. It is legitimate under M1 and M2 where P = G ? E and

Fig. 1 Population A where heritability is 0.8 and almost all individuals have G [ E

5 See Appendix [A.1] for the proof of this. To be more precise, the probability of G [ E actually falls

from 1 in the extreme case of very low heritability combined with very high values of P relative to the

mean. It may be noted that under M1 we could think of a modified version of Q1: Did the environment

positively contribute to the phenotype (i.e., E [ 0)? A quantitative probabilistic answer is possible but

left out of the paper.
6 It should now be also evident that attempts to partition the causes of X straightforwardly from h2 are

nonsensical. For instance, while it is true that ‘‘The fact that the heritability of height in the population is

80% does not mean that the height of this individual is 80% genetic and 20% environmental’’, one cannot

argue against the legitimacy of Q1 by pointing to the absurdity of this straightforward inference.
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illegitimate under M3 where P = l ? G ? E, due to the unknown composition of

the neutral component l. However, Q1 is unanswerable under M2 (in either

probabilistic or definite terms), since a heritability value is insufficient evidence for

the relation between the means of G and E, but trivially answerable under M1 (in

definite terms, G [ E).

Q1 in the literature

Let us see how Q1 is treated in the philosophical and biological literature. Lewontin

(1974) begins his famous treatment of the relation between analysis of variance and

analysis of causes by claiming that if causes interact ‘‘in any generally acceptable

meaning of the word’’ it becomes conceptually impossible to assign quantitative

values to such causes operating in an individual. This argument from causal

interaction is somewhat clarified with a few examples that should appeal to our

intuitions—a wall built by mixing mortar and laying bricks, a plant needing both

fertilizer and water, and finally a man’s height that results from the inseparable

interaction of genes and environment. The argument then proceeds that any analysis

of the relative weighs of such interacting causes would be ‘‘absurd’’ since [a] they

are both necessary for development and [b] they are incommensurable—suffer from

a lack common currency7:

It is obviously even more absurd to say what proportion of a plant’s height is

owed to the fertilizer it received and what proportion to the water, or to ascribe

so many inches of a man’s height to his genes and so many to his environment

(p. 402).

However, causal interaction is a feature of all quantitative genetic models and,

therefore, its admittance does not detract from the legitimacy of Q1. The argument

from necessity is ineffective since all three models incorporate genetic and

environmental parameters. Most crucially, the argument from incommensurability is

Fig. 2 Population B where heritability is 0.8 and almost all individuals have E [ G

7 Lewontin then goes on to explain how the analysis of variance, by looking at deviations of individuals

from population means, was offered as a solution to these difficulties and the remaining of his paper is

devoted to presumably show why our Q2 is unanswerable (I discuss this in the section on Q2).
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at odds with all there quantitative genetics models, since G and E do use a common

currency—the currency of phenotypic units, P, from P = G ? E.

Griffiths et al. (2005) develop the expression for broad heritability from an

additive M2, P = G ? E, and also employ the argument from causal interaction.

They conclude that it is ‘‘not reasonable’’ to distinguish between the importance of

genes relative to environments in the composition of an individual’s phenotype

since measures of importance can only be framed in population terms:

If the phenotype is the sum of a genetic and an environmental effect,

P = G ? E, […] An individual’s phenotype is a consequence of the

interaction between its genes and the sequence of environments that it

experiences as it develops. It would be silly to say that 60 inches of your

height were produced by your genes and 10 inches were then added by your

environment. All measures of the ‘‘importance’’ of genes are framed in terms

of the proportion of phenotypic variance ascribable to their variation. (p. 657)

No doubt, it is ‘‘silly’’ to apportion height in that manner as genes and

environments causally interact in building the whole phenotype. Nevertheless, such

measures of ‘‘importance’’ with respect to an individual are in compliance with the

second linear model which Griffiths et al. explicitly use, and questions can indeed

be ‘‘framed’’ in such terms.

Sober (1988), in a much cited paper on apportioning causal responsibility, claims

that Q1 is in fact meaningless8:

This is quite different from assessing how much [genes and environment] each

contributed [to the development of an individual]. This latter question I

interpret as a local one, which the facts of the matter about nature and nurture

render unanswerable. (p. 312)

Sober’s reasoning on Q1 is very similar to Lewontin’s and is comprised of [a] the

objection from causal ‘‘interaction’’: genes and environment causally ‘‘interact’’ to

form a trait; [b] the objection from ‘‘necessity’’: genes and environment are each

necessary in the sense that it is meaningless to speak of genes without environment

or environment without a genome; [c] a methodological objection: a question about

‘‘locally’’ apportioning the causes of a height of a singleton is incompatible with the

statistical methods in use which require data from populations rather than from

single individuals. Note that Sober’s use of ‘‘locally’’ is different than the

conventional use within the literature on heritability, in which it refers to a result

relative to a certain population and environment; [d] The objection from

‘‘incommensurability’’: since genes and environments do not have common

currency it is meaningless to compare their effects on individual development.

To illustrate the final objection Sober reframes the developmental question in

terms of height particles contributed by genetic and environmental factors,

8 Sober’s use of ‘‘unanswerable’’ at the end of this quote is in the sense of ‘‘meaningless’’, as is explicitly

noted at the table in page 304, where it is stated that the nature/nurture question about causes within

individuals is ‘‘meaningless’’. Sober also uses the expression ‘‘not a factual’’ in this same sense, as in the

conclusion in p. 318: ‘‘And it is not a factual matter at all, much less a local one, as to how much each

[genes and environment] contributed [to Jane’s height].’’
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contrasting this with the Newtonian model where gravity and electricity act in

conjunction to produce force on an electron; and only the latter model enjoys the

features of locality and commensurability, i.e., common currency9:

How much [Jane’s environment and genes] contributed is an unanswerable

question, since the empirical fact of the matter (I presume) is that there are no

such things as height particles. (p. 316)

Other writers nevertheless seem to adopt this argument:

But height cannot be separated into component degrees of causal responsi-

bility since there is no causal ‘common currency’ between the percentage of

height due to genetics and the percentage due to environment. (Pearson 2007)

But alas, there are no height particles; the contributions that genes and

environments make to biological traits are not commensurable; we cannot

answer the question, how much each factor, genes and environments,

contribute to a trait. (Ariew 1999, p. 125)

But as explained in the analysis of Lewontin’s arguments, this objection cannot

hold since G and E do use a common currency—that of P. Finally, Vreeke (2000a,

p. 532) suggests Q1 is not meaningless, but surprisingly claims it is answerable in
practice, in a probabilistic manner:

The translation of information about populations to individual cases is fairly

straightforward. If heritability of IQ is 80%, this means that there is a large

chance that individuals (from within the population) owe their IQ to genetic

factors.

But as we have seen, a heritability number does not bring us closer to answering

Q1, even in probabilistic terms.

Analysis of Q2

Let us now turn to the second and more interesting issue of analyzing the deviation
of an individual from the population mean. Is a definite (non-probabilistic) answer

to Q2 possible? It is not difficult to see that it is not, since there is no information on

the specific factors involved in the deviation of X from the mean.10 To illustrate,

take the high estimate of the heritability of height, 0.9: It may be the case that X’s

above-average height was greatly affected by a uniquely rich nutritional intake,

without a genetic propensity for above-average height. Thus X is an exception

9 Sober rightfully emphasizes that the issues of locality and common currency are independent of the

issue of additivity (that is, the former two are relevant also under P = G ? E).
10 This is true for standard heritability values (intermediary between 0 and 1) of the target phenotype. At

the hypothetical extreme values of heritability of zero or 1 we can answer Q2. If heritability were zero,

then X’s genes did not contribute to the deviation of its phenotype from the mean; if it were 1 then X’s

environment did not contribute to this deviation.
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within the environmental value distribution.11 Figure 3, which applies to all three

models (as it only represents the deviations) illustrates why we cannot make a

definite claim on contributions to the deviation of an individual from the mean. Even

for high heritability values, for any individual there is only a higher chance that the

phenotypic deviation is more due to G than to E, but not a 100% chance. It is worth

noting that if we had a definite answer to Q2, thus knowing how the deviation of X

from the mean is partitioned between G and E, we could answer Q1 for M1 and M3

(since we have the population mean) but not for M2 (since we still lack info on the

means of the genotypic and environmental values).

In what follows I will show that a quantitative probabilistic answer to Q2 is

possible once a few assumptions are granted. But let us first see how Q2 is treated in

the related literature.

Q2 in the literature

Lewontin (1974) completely rejects the use of the analysis of variance even in the

context of Q2, the relative contributions of causes to the phenotypic deviation from

the mean. His reasoning consists in three arguments. The first objection concerns the

nonequivalence of the actual variance of an environmental parameter and the

phenotypic variance it induces, since ‘‘the linear model makes it impossible to know

whether the environmental deviation is small because there are no variations in

actual environment or because the particular genotype is insensitive to the

environmental deviations.’’ But this should not be a serious concern since we are

only interested in the phenotypic deviation the environment is responsible for. The

second objection operates as a warning against employing narrow or non-

Fig. 3 Even with high heritability, individuals (P) have a high but not a definite chance that their genetic
deviation (G) is greater than their environmental deviation (E)

11 Note that the illegitimacy of making such definite inferences from variance values to individuals is

irrespective of whether we have complete additivity or not. For both the fully additive case of P = G ? E

and the general (partially interactive) one of P = G ? E ? IGXE such inferences are impossible.
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representative environmental or genetic distributions, since ‘‘the linear model is a

local analysis. It gives a result that depends upon the actual distribution of

genotypes and environments in the particular population sampled.’’ But this

objection should simply imply that any conclusions or quantitative estimates we

draw from these distributions are themselves ‘local’. The final objection is the

famous argument from G 9 E interaction, which ultimately boils down to an

empirical issue (see footnote 20).

An argument for a definite answer to Q2 is in effect suggested by Sesardic (2005,

p. 55) as a consequence of his critical review of the famous rectangle analogy12. In

this analogy, the area of a rectangle is the phenotype, and the length and width are

the genetic and environmental variables so that Area = Width 9 Length is

analogous to P = G 9 E.13 We then consider a set of rectangles, R, in which we

have complete knowledge of the contributing factors for each rectangle’s area,

namely, its width and length. Now, a particular rectangle, R = r, is selected from

the set with width W = w. Since all other rectangles of width w have an average

area that is close to the mean for all rectangles in the set, Sesardic concludes that it

is the length of r that explains the deviation of its area from the mean. This

conclusion justifiably provides a definite answer to Q2. However, this analogy is

only a special case since we have full information on the ‘G’ and ‘E’ variable for
each individual, rather than merely a heritability value. In such a case, where

generating complete reaction norms is impossible (since at least one variable is

known for all individuals) we can indeed provide a definite answer to Q2.

For Sober (1988), such a definite answer to Q2 is possible once we are allowed to

employ an experimental design, even if only as a thought experiment. He describes

a theoretical experiment to counterfactually construct an analysis of variance matrix

around a certain individual, Jane. The counterfactual is split into two components:

[a] Clones of Jane are placed in different environments during development to

generate her ‘environmental main effect’, and [b] Jane’s genes are replaced to create

a series of mutated ‘Janes’,14 which are then placed in the same environment in

which the original Jane has developed, to generate her ‘genetic main effect’. In

effect, this can be illustrated in the framework of an N 9 M ANOVA matrix where

we analyze only the single column and row that intersect at the original Jane

element, say x22, as depicted in Fig. 4 (where the M’s represent the marginal means

and the V’s the marginal variances). The main effects from [a] and [b] are simply

12 Several writers (e.g., Meaney 2001, p. 51) argue that the nature–nurture debate is as meaningless as

asking whether the area of a rectangle is more determined by its length or its width; as Sesardic explains,

the fallacy in this analogy is primarily due to not taking a population perspective. Once we consider a

population of rectangles we can use the analysis of variance to arrive at the relative sizes of main effects

and interaction. I omit a full treatment of this case and refer the reader to Sesardic’s convincing

discussion.
13 It is immaterial here that the phenotypic model is not additive but multiplicative.
14 The procedure of employing different versions of ‘Jane’ (or, as we now have it, the particular plant)

needs to be qualified. If we merely genetically engineer mutations to generate the series of mutated ‘Jane’

singletons, we will not glean any intuition into what is a biological and developmental issue, as most of

the mutations and gene combinations will be artificial and have not passed through the lens of evolution

and selection. Sober indeed relates to this issue and proposes to narrow the genetic combinations as much

as possible, including only genes from the singleton’s ancestral family tree.

From heritability to probability 91

123



the variance of the distributions of the phenotypic values in each case, VG2 and VE2,

respectively. Now it is simply a matter of comparing the two main effects to see

which causal factor made more difference to Jane’s height.

While this procedure indeed results in a definite answer to Q2, the causal factors

responsible for the phenotypic deviation of a particular singleton, it enjoys the same

mitigating circumstances as the rectangle example by utilizing a counterfactual design.

Generating such data supposes we can completely employ pure lines (problematic due to

inbreeding depression) and controlled environments (impossible to guarantee especially

if developmental noise is an important factor). Sober also tries to glean insight into our

Q1 from this counterfactual but is confronted with a problem: if Jane’s height remains

exactly the same across her different genetic ‘versions’ then the genetic main effect in

this procedure will be zero. Since genes are obviously a causal factor in the development

of the trait, Sober finds himself in a ‘‘paradoxical position’’.

I therefore seem to find myself in the paradoxical position of saying that genes

can be a cause of height, even if they are judged to have zero magnitude. (p. 317)

However, there is no real paradox: An answer to our Q2 (in this case, that Jane’s

genetic deviation made no difference) cannot always shed light on our Q1, so that

we cannot infer the complete role of genes in development. And this is in particular

the case when the trait is genetically or environmentally canalized.15

Sometimes the distinction between Q1 and Q2 is not fully appreciated. For

instance, Sesardic comments on a legitimate claim by the Nuffield Council on

Bioethics to the effect that Q1 is impossible to answer (true, as we have seen).

Sesardic perceives this as misleading, since if the heritability is high we can glean

information on an individual’s divergence from the phenotypic mean (true in its

own right). But once we express Q1 and Q2 as separate questions in the context of

individual development we immediately see that the Nuffield Council commented

on Q1, while Sesardic is actually referring to Q2.

The Nuffield Council on Bioethics makes a similar mistake in its report on

genetics and human behavior: ‘‘It is vital to understand that neither concept of

heritability [broad or narrow] allows us to conclude anything about the role of

Fig. 4 Sober’s partial ANOVA matrix centered on a single individual, ‘Jane’ (x22)

15 I might suggest a hypothetical way out of this conundrum in answering Q1 utilizing Sober’s design.

Instead of considering real genomes (Jane’s family), we artificially vary the genetic makeup of Jane; thus

we bypass the possibility that canalization holds the effective genetic variance at zero. Nevertheless, we

have just replaced one problem with another: though we avoid the ‘problem’ of canalization hiding

genetic variability, we introduce artificial mutations which would not have otherwise passed the filter of

natural selection. Genetic variation might then be perceived of higher consequence than it really is.
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heredity in the development of a characteristic in an individual’’ (Nuffield

2002:40). On the contrary, if the broad heritability of a trait is high, this does

tell us that any individual’s phenotypic divergence from the mean is probably

more caused by a non-standard genetic influence than by a non-typical

environment. (Sesardic 2005, p. 55)

More interestingly, in the response above Sesardic suggests a probabilistic

answer to Q2 is possible. This idea is made explicit in a subsequent comment on a

claim of Cosmides and Tooby, to the effect that we cannot infer from a heritability

value the causes behind the development of a particular tree. Sesardic stresses that if

the heritability is high we can at least claim that for an arbitrary tree the deviation

from the phenotypic mean is ‘‘in all likelihood’’ due to its genetic deviation rather

than to its environmental deviation.16

If the heritability of a normally distributed trait in a given population is .8, this

does tell us that the deviation of an arbitrarily chosen individual organism from

the phenotypic mean is in all likelihood caused more by its deviation from the

genetic mean than by its deviation from the environmental mean. (ibid, p. 56)

While this conclusion is qualitatively legitimate, can we progress to quantify it? I

will show we can, under any of the three linear quantitative genetics models, once we

make a few simplifying assumptions on the nature of P, G, and E and their interaction.

In effect, I confine the discussion to approximately normally distributed traits (as in

Sesardic’s comment), which involve no G 9 E interaction and possibly only small G–E

correlation. The result will be to quantify such statements as the ‘‘in all likelihood’’

above: arrive at the probability that an individual’s deviation from the mean is caused

more by its genetic deviation than its environmental deviation.17 One note is in order

before we proceed to the quantitative analysis, concerning the heritability value itself.

We have taken it as a sustainable estimate for the target phenotype in the population,

but this assumption is not without controversy. The complaint critics of heritability

usually raise is two-fold, and Lewontin’s (1974) critique discussed above is a

representative instance. The first issue is that heritability is a ‘local’ measure,

legitimate only within a certain population–environment combination; the second is

that it suffers from the potential presence of G 9 E interaction and G–E correlation

which may be wrongly subsumed into the genetic component of the variance. But the

locality of a statistical measure just means that any quantitative results we

consequently arrive at are also local in the same sense; and the potential presence

of statistical interaction and correlation merely requires from us to be clear about

underlying assumptions, and I proceed with that in mind in what follows.

16 Sesardic is nevertheless aware of the distinction between Q1 and Q2 when he characterizes the former

dealing with an ‘‘intrinsic fact’’ and the latter as dealing with a ‘‘relational fact’’ about an individual.

However, he suggests that this distinction is inconsequential, since both approaches provide information

‘‘about an individual’’ in the natural sense of the phrase.
17 By ‘‘q is the probability that an individual’s deviation is caused more by G than by E’’ I mean that if

we pick a large number of individuals with the same P = p (or very close to it), then the number of them

with G [ E will approach 100 q percent at a limit. Alternatively, a Bayesian perspective of seeing

probability as extended logic or degree of belief will interpret this statement as deductive reasoning under

partial information (see Jaynes 2003).
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A statistical model for Q2

The Book of Nature is written in the language of mathematics.
—Galileo18

To provide quantitative probabilistic estimates of the relative influence of genes

and environment on the deviation of an individual from the mean, we need to arrive

at expressions for the distributions of G and E. To that end, I make the following

three assumptions:

(1) P is a quantitative trait approximately normally distributed.19

(2) P = G ? E, i.e., P follows a linear quantitative genetics model (any of M1,

M2 or M3) with no interaction term.20

(3) G and E are uncorrelated or only slightly correlated.21

18 Charles van Doren (1991) A History of Knowledge, Ballentine Books, p. 200.
19 Slight deviations from normality induce a certain bound on the quantitative results we shall get. See

footnote 22.
20 As with genetic and environmental components of phenotypic variation, whether a G 9 E interaction

component exists for a given population and environmental range is an empirical issue. And it is a

methodological issue whether we can detect it, separate it from the additive components and quantify it.

But it is a theoretical issue whether the presence of undetected interaction renders partitioning of the

phenotypic variance and heritability estimates invalid. It is crucial to distinguish between these different

questions when arguing about the significance of G 9 E within the context of heritability estimates (Tal

2007). At any rate, while it is beyond the scope of this paper to satisfactorily cover the controversy around

G 9 E, much of the modeling work in quantitative and behavior genetics proceeds under the assumption

of additivity (see Crow’s and Plomin’s commentary to the target article in Wahlsten et al. 1990; see

Sesardic 2005 for further discussion).
21 Under a high G–E correlation it would be impossible to arrive at the expression for the joint

probability density function for G and E, as developed in (3); but small correlation is nonetheless allowed

under our model—see footnote 22 for stability under e-independence. Whether G–E correlation exists as

part of the phenotypic variance is finally an empirical matter and is beyond the scope of this paper to

satisfactorily cover the controversy around it (see Sesardic 2005; Tal 2007 for a general discussion). Most

crucially, the particular environmental parameter must be causal to the phenotypic variance. If this is not

the case then even if we detect a correlation in the distribution of environments and genotypes this is

merely a statistical effect detached from analysis of the variance of the target trait, in which case a

covariance should not figure as a component of Vp. In other words, this environmental parameter is not

‘trait-relevant’. And indeed, some psychologists talk about the presence of active, evocative or passive

G–E correlation irrespective of whether the environmental parameter is causal in the target trait. The

correlation they report on only requires that some environmental parameter is correlated with a genetic

predisposition (see Moffitt et al. 2005; O’Connor et al. 1998). Note also that correlation and

independence are not equivalent terms. A statistical correlation of zero (our assumption) does not imply

‘stochastic’ independence, since correlation is only linear dependence. Therefore, mathematically we

only have that independence implies zero correlation. Nevertheless, I believe that in our case of genetic

and environmental variables these notions can be assumed to be equivalent since a possible dependence

of such variables would be linear. Actually, the biological interpretation should employ the dependence or

independence of G and E, which is a causal claim with a statistical consequence, rather than correlation,

which is a statistical claim. This delicate point receives support from Layzer (1974, p. 1260), which

argues that G and E are approximately independent if, and only if, their covariance is negligible (also

quoted in Sarkar 1998, p. 95).
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These three assumptions allow us to infer the conditional probability distributions

of G and E as approximately normal.22 To stress, we focus here only on normally

distributed traits; but the tendency for many quantitative traits to display a normal

distribution (for e.g., human height and IQ) is widely acknowledged (Plomin et al.

1990, p. 209; Falconer and Mackay 1996, p. 102).23 More importantly, there is

separate justification for the normal distribution of G and E. This emerges both from

the interpretation of empirical data and from models of the genetic and environmental

variance. First, the pervasive linearity of the parent–offspring regression for most

quantitative traits implies not only that the pair-wise distribution of phenotypes in

relatives is bivariate normal (Jacquard 1983), but also that the distribution of the

genetic and environmental values is normal (Lynch and Walsh 1998, p. 552). Second,

it is well known that under an additive genetic model G very quickly converges to a

normal distribution as more loci are involved (due to the Central Limit Theorem), but

recent empirical and theoretical analysis concludes that most of the genetic variance is

additive even when gene action is interactive—involving dominance and epistatic

relations—mainly because allele frequencies are distributed towards extreme values

(Hill et al. 2008). The environmental variable E may behave in a similar fashion if

many independent randomly occurring causes are at play. To sum, the attribution of

normal distribution to the genetic and environmental variables in quantitative genetic

research seems justified and is quite common.24

To simplify the statistical analysis we will use the framework of the third model,

P = l ? G ? E, where G and E are only deviations and we take P-l as our phenotypic

22 This follows from decomposition theorems in probability and from the stability of the normal

distribution. Specifically, Cramer’s theorem (or Lévy–Cramér theorem) states that if P = G ? E is a

normal random variable, and G and E are independent real-valued random variables, then both G and E

must be normal as well (see Galambos 1988, p. 146, for the theorem and proof). Furthermore, the theorem

has the following stability property: Closeness of the distribution of a sum of independent random

variables to the normal distribution implies closeness of the distribution of each of the summands to the

normal distribution; qualitative estimates of the stability are known. Golinskii (1990) quotes Sapogov’s

quantitative estimate of this stability: if X = X1? X2 and the distribution of X is within an e
approximately normal, then X1 is within a C/(r3[ln(1/e)]1/2) distance from a normal distribution with the

same first and second moments (similarly for X2). Here r is the standard deviation of X1, C is a constant,

and ‘‘approximately’’ being defined in terms of the Uniform Metric, supx |F(x) - G(x)|, where F and G

are distribution functions, but can similarly be expressed in the Levy metric [however, no estimators for C

were given in the literature for either metric (Lev Klebanov, personal comm.)]. Therefore, small

divergences from the normality of P (as of course expected) would nevertheless allow us to obtain the

distributions of G and E, normal within a certain bound. The decomposition of P is also stable under small

divergences from the independence of G and E (Lev Klebanov, personal comm.), equivalent in our case to

small correlation; this is referred to as e-independence in the literature (Kagan et al. 1973).
23 See for example Eshel and Matessi (1998) who use a linear normal model for a quantitative trait, which is

‘‘affected by many genetic and environmental factors, mostly independent or weakly dependent on each

other’’ and, therefore, adopt the ‘‘quite common assumption of a normal distribution of phenotype.’’
24 For instance, Montagnon et al. (2003) have modeled the observed yield of coffee plants on the linear

quantitative genetics model where the yield potential of an individual is a sum of a population mean and

the individual’s G and E values, which are treated as independent and normally distributed with zero

mean. In a treatment similar to the what will follow, Sorensen and Gianola (2002, p. 225) present a

theoretical example that provides the posterior (conditional) distribution that the additive genetic effect is

greater than zero for a given phenotypic value and heritability, under the assumption of normality of G

and E (another example, p. 277, provides a similar approach when we only have a population sample and

a prior distribution of h2).
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value (mean = 0). Therefore, P is a normally distributed random variable, P = G ? E
where G and E are independent and normally distributed. Without loss of generality we

assume that the mean value of each of those random variables is zero and that the

variance of P is 1 (P is standardized so that h2 is really the variance of G).25 So we have

P�N 0; 1ð Þ;G�N 0; h2
� �

;E�N 0; 1� h2
� �

ð1Þ
The question that we would like to formalize is as follows: Given a certain P,

what can be said about the probable values of G? The probability density function

(PDF) of a normal random variable X with zero mean and variance v is given by

uv xð Þ ¼ 1
ffiffiffiffiffiffiffiffi
2pv
p e�x2=2v ð2Þ

Now, P induces a conditional distribution on G and E (all continuous random

variables). Let us denote by Fp;h2 gð Þ the conditional density function of G with

respect to P. From elementary principles of conditional probability,26 we have

Fp;h2 gð Þ ¼ pGjP gjpð Þ ¼ pP;G p; gð Þ
pP pð Þ ¼

pPjG pjgð ÞpG gð Þ
pP pð Þ ¼

pEjG p� gjgð ÞpG gð Þ
pP pð Þ

¼ pE;G p� g; gð ÞpG gð Þ
pG gð ÞpP pð Þ ¼ pE p� gð ÞpG gð Þ

pP pð Þ ¼ u1�h2 p� gð Þuh2 gð Þ
u1 pð Þ ð3Þ

Substituting into this expression the explicit PDF u everywhere and simplifying

terms we get (see Appendix A.2):

Fp;h2 gð Þ ¼ 1
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2ph2 1� h2ð Þ

p e� g�h2pð Þ2=2h2 1�h2ð Þ ð4Þ

This is exactly a normal PDF with mean h2p and variance h2(1-h2),

uh2p;h2 1�h2ð Þ gð Þ. The mean of F implies that if we randomly select an individual

then the expected value of its genetic deviation is h2p, where p is its phenotypic

value. For instance, we can say ‘‘If the heritability is 0.7 then for an arbitrary

individual we select from the population, on average 70% of its deviation from the

mean is due to its genetic deviation.’’ Figure 5 depicts the graph of F for a certain

combination of P and h2 where we can see the mean (peak) at h2p.

We can now phrase Q2 in terms of G and E and P = p:

Question Q2A: Given h2 and a particular individual P = p, what is the

probability that G is greater than E?

This translates to finding a conditional distribution of G with respect to P for all

G [ E, which is also G [ P - G or P/G \ 2 or G [ P/2 (for positive P). This

probability is in fact the cumulative distribution of F in the range P/2 to infinity,27

25 If X * N(l,r2), then Z = (x - l)/r is a standard normal random variable: Z * N(0,1). Also, note

that the sum of two normally distributed variables (P = G ? E), is normally distributed also, with a mean

of the sum of their means (0) and a variance of the sum of their variances (h2 ? (1 - h2) = 1).
26 For continuous random variables, the conditional probability density function is denoted pY|X (y|x),

equivalent to the discrete case of P(Y = y|X = x). In particular, for independent X and Y:pY|X (y|x) = pX,Y

(x, y)/pX (x).
27 Note that the resulting function is not a cumulative distribution function (CDF) of F, since the

independent variable, h2, is not placed at the integral limit.
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which we denote Mp(h2), for positive values of p.28 This upper range is emphasized

in Fig. 5, where the probability of G [ P/2 is in effect the area under the graph in

this range.

Formally, for a positive p:

Mp h2
� �

¼
Z1

p=2

Fp;h2 gð Þdg; ð5Þ

whereas for negative values of p (an individual below the population mean),

we look for the probability that G \ E with respect to P, and integrate F over the

range -infinity to p/2.

Mp h2
� �

¼
Zp=2

�1

Fp;h2 gð Þdg: ð6Þ

Figure 6 depicts the graphs for Mp(h2) as a function of h2 for various positive

values of P.

Note that in Fig. 6 all curves intersect at (0.5, 0.5) since when h2 = 0.5 there is a

50% probability that G made a greater contribution than E (as deviations),

irrespective of the value of P.29

Alternatively, we can make P the independent variable and compute the graph of

M for various values of h2, as depicted in Fig. 7 (for positive values of P) with the

values of h2 indicated.

Fig. 5 An example of the conditional density function F(p, h2) of G with respect to P, where P = 1
standard deviations and h2 = 0.8. The area in black represents the probability that G [ E, formulated in
(5)

28 This range covers also the case where G [ p, in which E would be negative.
29 Note also that the curves change their characteristic curvature near a certain P, call it s. This means

that when the individual is at s standard deviations from the mean, the probability that this deviation is

more due to its genome than its environment approximately equals the heritability of the trait in the

population. This s best represents the y = x line for some large range of h2 values. To find this s we need

to find for Mp(h2) the best value of p which makes M the best approximation of f(x) = x. Using a least

squares scheme to fit a first order polynomial to M, it turns out that for s = 1.178 our M exactly follows

f(x) = x for h2 between 0.2 and 0.8, which, incidentally, is the range of heritability with almost all human

traits.
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It is also possible to ask a modified version of Q2A, call it Q2A’: Given h2 and a

particular individual from the population, what is the probability that its genotype

deviates more from the genotypic mean than its environment from the environ-

mental mean in the respective standard deviations? Formally, Given h2, what is the
conditional probability that G/SDG [ E/SDE with respect to P? This path is not

pursued here.30

We now want to answer Q2 for an arbitrary individual:

Question Q2B: Given h2, what is the probability that G is greater than E for an

arbitrary p from P?

This question can be put in terms of M: what is the expected value of M for an

arbitrary P (normally distributed, as we assumed for P)? This probability now

becomes only a function of h2, and we denote it N(h2).31

Fig. 6 The graphs of M for various (positive) values of phenotypic values (in standard deviations): the
probability that the genetic deviation of an individual (G) had a greater effect than its environmental
deviation (E) on its phenotypic deviation (P)

30 This translates (for a positive p) to: Prob G=SDG [ E=SDE½ � ¼ Prob G=SDG [ P� Gð Þ=SDE½ � ¼
Prob G [ PSDG= SDG þ SDEð Þ½ � We can see that if the variance of G and E are equal, then Q2A’ is

equivalent to Q2A (since SDG/(SDG?SDE) = �. This approach to Q2A would then necessitate a change

in equations 5 and 6 and to result in a slightly different Mp(h2). Similarly, equation 7 for N(h2) would

change. A different approach is to generalize Q2A by looking at the probability that G [wP, instead of

G [ P/2, where w is any real constant, but more interestingly, between 0 and 1. The consequences of such

changes in Q2A would appear in the limits of the integrals in the relevant equations.
31 Note that here we are looking for the expectancy of a function and we therefore use the following rule:

If X has the probability density function p(x) then the expected value of a function f(x) is the integral

from -infinity to infinity of p(x)f(x). The factor of 2 in the development of N(h2) is due to the equality of

the two definite integrals from -infinity to p/2 and from p/2 to infinity.
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N h2
� �

¼ E Mh2 pð Þð Þ ¼
Z1

�1

u0;1 pð ÞMh2 pð Þdp

¼
Z0

�1

u0;1 pð Þ
Zp=2

�1

Fp;h2 gð Þdg

0

B@

1

CAdpþ
Z1

0

u0;1 pð Þ
Z1

p=2

Fp;h2 gð Þdg

0

B@

1

CAdp

¼ 2

Z1

0

u0;1 pð Þ
Z1

p=2

Fp;h2 gð Þdg

0

B@

1

CAdp

¼ 2

Z1

0

u0;1 pð Þ
Z1

p=2

1
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2ph2 1� h2ð Þ

p e� g�h2pð Þ2=2h2 1�h2ð Þdg

0

B@

1

CAdp

¼ 1

p
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
h2 1� h2ð Þ

p
Z1

0

e�p2=2

Z1

p=2

e� g�h2pð Þ2=2h2 1�h2ð Þdg

0

B@

1

CAdp: ð7Þ

Figure 8 depicts N(h2), generated numerically.32 It is interesting to note that at

extreme values of h2 the probability increases faster than at medium values.33

Results

We can now conclude the following for quantitative traits:

Fig. 7 The graphs of M for various positive values of h2: the probability that the genetic deviation of an
individual (G) had a greater effect than its environmental deviation (E) on its phenotypic deviation (P)

32 The expression of N(h2) has no analytical solution.
33 The reason for this behavior is probably related to the normal distribution of P in which most

individuals are near the phenotypic mean.
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(1) On average, for an individual sampled from the population, 100 9 h2% of its

deviation from the mean is due to genetic factors.

(2) [a corollary of #1] For an individual sampled from the population, if h2 [ 0.5,

the probability that genetic factors contributed more than environmental
factors to its deviation from the mean is [50%.

If the distribution of P is approximately normal and we assume no G–E

interaction and zero or only slight correlation, we can also make the following

quantitative probabilistic statements34:

(3) For a particular individual P = p (in standard deviations from the mean), we

can quantify the probability that genetic factors contributed more than
environmental factors to its deviation from the mean. It is given by Mp(h2) and

is illustrated in Figs. 6 and 7.

Mp h2
� �

¼
Z1

p=2

1
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2ph2 1� h2ð Þ

p e� g�h2pð Þ2=2h2 1�h2ð Þdg ð8Þ

(4) [from #3] For an individual of p % 1.178 standard deviations, this probability

is approximately equal to h2, where h2 is in the range of 0.2–0.8. That is

M1:178 h2ð Þ ¼ h2:
(5) For an arbitrary individual P, this probability is given by N(h2) and illustrated

in Fig. 8.

Fig. 8 The graph of N(h2): the probability that the genetic deviation of an arbitrary individual (G) had a
greater effect than its environmental deviation (E) on its phenotypic deviation (P)

34 Of course, the quantitative statements are only approximate if the trait deviates from exact normality

and if there is some slight G–E correlation, as footnote 22 has indicated. Formulating the bounds around

the exact values for MP(h2) and N(h2) is outside the scope of this paper.
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N h2
� �

¼ 1

p
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
h2 1� h2ð Þ

p
Z1

0

e�p2=2

Z1

p=2

e� g�h2pð Þ2=2h2 1�h2ð Þdg

0

B@

1

CAdp ð9Þ

Discussion

We are now in a position to quantify Sesardic’s statement (discussed above)

regarding the claim of Cosmides and Tooby, about inferring from a heritability

value the causes behind the development of a particular tree. Sesardic claimed that

with h2 of 0.8 we can conclude that ‘‘in all likelihood’’ G contributed more than E to

the deviation from the mean of an arbitrary tree. Equipped with N(h2) we can now

quantify it: the probability is %0.7 (as indicated in Fig. 8). Moreover, we can also

answer Cosmides and Tooby’s original question on the causes behind the deviation

of a particular tree: For instance, if the tree is at 0.4 standard deviations from the

mean, we can use Mp(h2) to conclude that the probability that G contributed more

than E to the deviation of that tree is M0.4(0.8) % 0.62.

It is now also possible to precisely evaluate the fallacy in the following

probabilistic statement by Vreeke (2000b, p. 34):

So, if the heritability of IQ in a population is 80%, one can say of an individual

in that population who has an IQ of 120 that 80% of the deviation of the mean

is probably due to genetic factors.

The error here is the conclusion that ‘‘80% of the deviation of the mean is

probably due to genetic factors’’ for this particular individual.35 As explained in

conclusion #1, the 80% number is just an average over a distribution, but the

probability that 80%, or any percentage range around it, of the deviation is due to

genetic factors is very low (even for distributions very far from normal).36 Assuming

a normal distribution and the linear quantitative genetics model, we reformulate

Vreeke’s statement in terms of the probability that genetic factors had a greater

effect on the deviation from the mean (appealing to the graph in Fig. 6 for Mp(h2)

and use the p = 1.33 curve and h2 = 0.8) and get a probability of *0.84. The

statement therefore should have been (the difference emphasized):

‘‘So, if the heritability of IQ in a population is 80%, one can say of an

individual in that population who has an IQ of 120 that the deviation from the
mean (20 points) is with probability 84% due more to genetic factors than
environmental ones.’’

We can similarly identify the error in a statement by Plomin et al. (1990, p. 232)

that apportions the deviation of the height of an individual between genetic and

environmental effects.

35 When people say ‘‘A is probably due to B’’ it is reasonable to assume that they mean that there is a

higher than 50% probability that A is due to B.
36 This follows simply from first principles of probability theory for continuous variables. Formally, for

any M and for small a, P(M - a \ X \ M ? a) * 0.
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If we say that height has a heritability of 0.8 […then] if an individual from this

population were 10 inches taller than average, one could estimate (rather

imprecisely) that 80 percent of this deviation was due to genetic effects and

that 20 percent was due to environmental influence.

This statement needs to be revised since for an individual 10 inches taller than

average the probability that approximately (‘‘rather imprecisely’’) 80% of its

deviation was due to genetic effects is in fact very low. Moreover, as in the case of

Vreeke’s statement, we could be more informative by utilizing the knowledge that it

is 10 inches taller than average and calculate the probability of the deviation being

more due to genetic than environmental influences, via use of Mp(h2), where p is the

standardized deviation corresponding to 10 inches from the mean population height.

Summary

In summary, I have shown that with respect to a given trait within a population:

(1) Q1 is legitimate under the quantitative genetics models M1 and M2.

(2) However, Q1 is impossible to answer, neither in definite nor in probabilistic

terms (unless trivially, under M1, independently of h2).

(3) Q2 is a legitimate question under all phenotypic models.

(4) Under highly controlled experimental designs, we can provide a qualitative
definite answer to Q2. In such designs, we have much more data than merely a

heritability estimate: having tested different genomes in the same environment

and clones in different environments (Sober’s thought experiment with Jane)

or knowing the G and E for each individual (Sesardic’s set of rectangles

example). For example, the result may be: ‘‘The environment of X definitely

made a greater contribution than its genes to the deviation of X’s height from

the population mean.’’

(5) In the hypothetical cases of h2 = 1 or 0, we can provide a quantitative definite
answer to Q2 for an arbitrary individual, under any phenotypic model. For

example: ‘‘Since h2 = 1 the genetic deviation of X made all the contribution to

the deviation of X from the mean.’’ Or, ‘‘Since h2 = 0 the environmental

deviation of X made all the contribution’’.

(6) The heritability value allows us to give a qualitative probabilistic answer to

Q2. For example, the result may be: ‘‘There is strong likelihood that the

genetic variance of X made a greater contribution than its environmental

variance to its deviation from the population mean.’’

For quantitative normally distributed traits, under a linear and additive

quantitative genetics model without G-E correlation these extra two results

follow37:

37 As explicated in footnote 22, the probabilistic results remain valid but would be approximate due to

the actual deviation from normality of P and slight correlation of G and E.
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(7) We can also provide a quantitative probabilistic answer to Q2 for a particular
individual, where the probability is a function of h2 and the phenotypic value

of the individual. For example: ‘‘Since h2 = 0.65 and the trait of X is at 1.8

standard deviations from the mean, there is a 72% probability that the genetic

deviation of X made a greater contribution than its environmental deviation to

its deviation from the population mean.’’

(8) We can also provide a quantitative probabilistic answer to Q2 for an arbitrary
individual, where the probability is only a function of h2. For example: ‘‘Since

h2 = 0.8 there is a 70% probability that the genetic deviation of an arbitrary
individual made a greater contribution than its environmental deviation to its

deviation from the population mean.’’
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Appendix

[A.1] A proof that under M1, Q1 has a trivially definite answer of G [ E for almost

all P and all h2:

Let l be the population mean. Under M1 and the assumption of a normal

distribution we have,

P�N l;VPð Þ;G�N l;VGð Þ;E�N 0;VEð Þ

P induces a conditional distribution on G and E and from (3) in the main section we

have the following density function as a function of normal PDFs,

F gð Þ ¼ pGjP gjpð Þ ¼ u0;Ve p�gð Þul;Vg gð Þ
ul;Vp pð Þ

Now, VG = VPh2, VE = VP - VPh2 and substituting into this expression the

explicit PDFu everywhere and simplifying terms we get:

Fp;h2;VP;l gð Þ ¼ 1
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2pVPh2 1� h2ð Þ

p e� g� lþh2 p�lð Þð Þð Þ2=2VPh2 1�h2ð Þ

This is exactly a normal PDF with mean l ? h2(p - l) and variance VP h2

(1 - h2), i.e., uuþh2 p�uð Þ;VPh2 1�h2ð Þ gð Þ. Now, since we are interested in the probability

that G [ E we need the cumulative density from p/2 to infinity of F, denoted by D,

Dh2;VP;l pð Þ ¼
Z1

p=2

Fp;h2;VP;l gð Þdg

It can be easily shown by plugging in various values for p, h2, VP and l that D

equals 1 for any reasonable choices of parameters; that is, for any distribution of P,

G, and E, given that the mean of E is 0 and the mean of G equals the mean of P. To

be precise, the probability falls from 1 only in the case of very low heritability and
high phenotypic value relative to mean (p relative to l).

[A.2] The explicit development of F for Q2
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Fp;h2 gð Þ ¼ � � � ¼ uh2 gð Þu1�h2 p� gð Þ
u1 pð Þ

¼
1ffiffiffiffiffiffiffi

2ph2
p e�g2=2h2 1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

2ph2 1�h2ð Þ
p e� p�gð Þ2=2 1�h2ð Þ

1ffiffiffiffiffiffi
2p1
p e�p2=2

¼ 1
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2ph2 1� h2ð Þ

p e�g2=2h2� p�gð Þ2=2 1�h2ð Þþp2=2

¼ 1
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2ph2 1� h2ð Þ

p e
1

2h2 1�h2ð Þ �g2 1�h2ð Þ� p�gð Þ2h2þp2h2 1�h2ð Þð Þ

¼ 1
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2ph2 1� h2ð Þ

p e
1

2h2 1�h2ð Þ � g2�2gph2þp2g2ð Þð Þ

¼ 1
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2ph2 1� h2ð Þ

p e� g�h2pð Þ2=2h2 1�h2ð Þ
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