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ABSTRACT

Modern evolutionary genetics studies evolution as a population-level statistical trend, ab-

stracting away concrete causal interactions among individual organisms. Crucial to this

approach are various mathematical formulae, which have formed the core part of evolution-

ary theory since the Modern Synthesis. The abstract nature of the evolutionary principles,

however, has invoked a philosophical skepticism with respect to their causal basis: do they

describe causal mechanisms or just phenomenological patterns? The goal of this thesis is to

identify and extend the causal foundations of evolutionary models using causal graph the-

ory. It first derives the standard evolutionary formulae, such as the breeder’s equation and

Lande’s equation, from causal models representing selection and reproduction. The explicit

definition of the underlying causal structures establishes adaptive evolution as a bona fide

causal process, where selection and fitness are both causes of evolutionary response. The

second part extends this result in order to address complex evolutionary phenomena not

covered by the standard models, such as development (which is defined as inter-phenotypic

causal networks), epigenetic inheritance, and niche construction. The extensions will be

accomplished by way of introducing formal methods to discover causal relationships from

observational data, as well as deriving new mathematical formulae that incorporate the iden-

tified causal pathways into the prediction of evolutionary response. Through these analyses

the present thesis proposes a unifying framework that systematically translates any form of

“proximate” causal assumptions into “ultimate” evolutionary dynamics. The final chapter
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gives a formal characterization of this new framework and explores its implications for the

study of evolution.
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PART I

CAUSAL FOUNDATIONS OF

EVOLUTIONARY GENETICS
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CHAPTER 1

EVOLUTIONARY GENETICS: WHAT’S

THE MATTER?

1.1 THE BACKGROUND

Modern evolutionary genetics has two historical parents: Darwin’s evolutionary theory and

Mendel’s theory of inheritance. In the Origin of Species Darwin presented an array of

evidence suggesting that various life forms on the earth have descended from a common

ancestor species, and proposed natural selection as a principal mechanism for the evolution

or formation of new species. A natural population harbors a variation, some individuals

being more “fit” to the environment than others. Fitter organisms are expected to leave

more offspring in the next generation than their rivals. If offspring resemble more or less to

the parents and inherit their advantage, the fitter variants will spread and eventually reshape

the population. The argument sounds plausible, but had one big lacuna: it crucially depends

on the resemblance between parents and offspring, but the mechanism of inheritance was

unknown to Darwin, and his own hypothesis — the theory of pangenesis — was never very

successful.

The “rediscovery” of Mendel’s work on inheritance around the beginning of the 20th
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century was expected to fill this gap, but turned out otherwise (Provine, 1971). Early

geneticists took the discrete nature of Mendelian genes to imply that evolution proceeds by

big mutations or “sports,” rather than through a gradual change as conceived by Darwin.

Even worse, experimental studies along the Mendelian framework put doubt on the power

of natural selection as a way to transform species — these laboratory works suggested that

selection, even applied for a relatively long time period, could not alter an organism’s form

beyond a certain limit, let alone create a new species. Around 1910 Darwin’s theory of

natural selection was believed to have only a minor role, if any, in the process of evolution.

The tension was not fully resolved until the so-called Modern Synthesis that took place

from the 1920s to the 50s, when R.A. Fisher, S. Wright and J. B. S. Haldane — the

“founding fathers” of evolutionary genetics — published a series of mathematical works that

showed the consistency between Mendelian genetics and the Darwinian theory of natural

selection. To study the evolutionary consequence of natural selection in a rigorous fashion,

they adopted the strategy familiar to scientists faced with a dynamic system. That is, they

gave mathematical definitions of relevant features and built state transition functions to

track diachronic changes of these variables. Letting P ∈ P denote the population feature

of interest, such a function should look like:

∆P = f(Pt,Wt) (1.1)

where ∆P is the change in P from time t to t + 1 and W is a parameter that encodes the

action of selection. If correct, Eqn. 1.1 should track evolutionary trajectories of the given

population feature within a certain margin of error.

The contents of P and W differ depending on the context. In population genetics, the

feature of interest is usually gene frequencies. As a simple example, consider evolution of two

alleles with no dominance in an infinite population. At time t, the population frequencies
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of alleles A and a are p and 1 − p, respectively, with the fitnesses (reproduction rate) of

each genotype AA, Aa and aa being 1 + 2s : 1 + s : 1. Then the increment of the frequency

of allele A in the next generation is:

∆p =
sp(1− p)

1 + 2sp
(1.2)

(e.g., Gillespie, 2004, p. 62. The equations in this chapter are more fully explained in

Chapter 3). Note that this has the same form as Eqn. 1.1, giving the future value of p

based on its current value and selection parameter s.

On the other hand, quantitative genetics focuses on evolutionary changes of pheno-

types, rather than genes. Unlike genes which take discrete values, many phenotypic traits

such as body sizes or physical capacities (speed, metabolic rates, etc.) show continuous

variations and thus are represented by a real variable Z. Quantitative genetics is inter-

ested in how these phenotypes, especially their mean, change across time. The most basic

state transition function for phenotypic evolution is the breeder’s equation, which gives the

between-generation change in the phenotypic mean Z by

∆Z = h2S. (1.3)

The selection differential S in Eqn. 1.3 measures the shift in the phenotypic mean of

the parental generation after selection but before reproduction, while the heritability h2

measures the reproductive fidelity so that a higher heritability (closer to 1) means offspring

has more similar phenotypic value to that of its parents.

The breeder’s equation describes evolution of a single trait, but it can be extended to

multivariate cases. Simultaneous evolution of a set of traits Z = (Z1, Z2, . . . , Zk) is given
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by

∆Z = Gβ. (1.4)

Just like the heritability and the selection differential in the breeder’s equation, the additive

genetic variance-covariance matrix G and the selection gradient vector β respectively mea-

sure the reproductive fidelity of and the selective pressures on multiple traits. Eqn. 1.4 is

called Lande’s equation, and plays the central role in today’s quantitative genetics (Lande,

1979; Lande and Arnold, 1983).

The commonality among Eqns 1.2, 1.3, and 1.4 should be clear. The right hand sides of

these equations describe certain (genetic, phenotypic, or selective) features of a population

at one time, based on which the population change in the next generation is derived in the

left hand sides. The significance of the evolutionary state transition functions like those can

not be overstated, for only with them could evolutionary biologists measure the evolutionary

impact of selection and validate or falsify selection hypotheses in a rigorous fashion. In

other words, the Modern Synthesis and the subsequent works in mathematical genetics

have transformed the Darwin’s theory of natural selection into a quantifiable hypothesis

amenable to rigorous mathematical investigations.

1.2 THE PHILOSOPHICAL PUZZLE

Although the founding works by Fisher, Wright, Haldane and the subsequent theorists es-

tablished the rich field of mathematical genetics that flourished in the 20th century, philoso-

phers have long questioned its theoretical nature. In particular, they are concerned whether

the equations used in mathematical genetics describe causal processes underlying evolution,

or something else. Equations can represent causal as well as non-causal relations. Let A,B,

and C be three angles of a triangle. Then we have A = 180 −B − C, but this relationship
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is clearly not causal — this is rather a mathematical truth of the triangle in general. Alter-

natively, consider Kepler’s laws of planetary motion. Kepler derived them from empirical

observations of planetary movements, but again these patterns are not causal — the equa-

tions say nothing about what would happen were the orbit of a planet disturbed by, say,

a meteorite impact.1 Given that a mere presence of a state transition function does not

guarantee that the process represented by that function is causal, it is natural to ask what

is described by the principles of evolutionary genetics.

The earliest and most popular analysis of this problem was provided by Elliott Sober

(1984). In his view, evolutionary theory is a “theory of force” just like Newtonian mechanics,

and as such describes interactions of various causes that produce evolution. A theory of

force is equipped with two kinds of laws: source laws and consequence laws, where “the

former describe the circumstances that produce forces; the latter describe how forces, once

they exist, produce changes in the systems they impinge upon” (Sober, 1984, p. 50). The

three evolutionary equations we saw above are all examples of the consequence laws: they

calculate, given certain parameter values, how a population changes in the next generation.

Sober claims many of these laws are a priori proven mathematical truths, and for this

reason lack any empirical content (Sober, 1993, p. 72). Applying these non-empirical

equations to natural phenomena therefore requires another set of laws, i.e., the source laws,

which determine abstract quantities in the equations based on relevant measurements. For

example, the fitness of a zebra may be estimated by a functional analysis of the (presumably

causal) relationship between its leg length and speed. Hence although the principles of

evolutionary genetics, which Sober virtually identifies with an applied mathematics, are

not causal or even empirical by themselves, the explanations that use them are thought to

1I am not claiming here the equivalence of law-like propositions sustaining counterfactuals and causal
claims. Some counterfactual propositions may be law-like but not causal, like those describing ontological
supervenience (“if my pet were a cat he would not have been a chihuahua”). But I assume causal claims in
one way or another sustain counterfactuals (see e.g., Woodward, 2003).

6



capture real causal processes in nature by virtue of the empirical contents/underpinnings

of the concepts employed in the equations.

This view, however, has been vigorously challenged by a group of philosophers called

statisticalists (Matthen and Ariew, 2002, 2005, 2009; Matthen, 2010; Walsh et al., 2002;

Walsh, 2007, 2010). Sober’s solution to the problem was a division of labor: dividing evolu-

tionary theory into two subdisciplines, mathematical genetics and theoretical ecology, that

respectively take charge of the predictive and causal parts of the theory. Where Sober

sees the connection of these two parts, however, statisticalists find a complete decoupling.

First, they claim that although the causal analyses proposed by Sober may suggest a qual-

itative or perhaps comparative notion about the (dis)advantage of organisms, they never

give quantitative estimates of the fitness. The source laws, therefore, fall short of providing

the parameters required by the consequence laws. Second, and partly because of this, it

is argued that all the parameters used in the evolutionary principles must be estimated

from a sample distribution taken from the population. To the eyes of statisticalists this

deprives the consequence laws — the core engine of evolutionary genetics — of any causal

bearings. Rather, it is claimed, a mathematical equation in evolutionary genetics describes

the “statistical trends” of a population, or “explains the changes in the statistical structure

of a population by appeal to statistical phenomena” (Walsh et al., 2002, p. 471).

The statisticalist challenge has invoked intense responses from philosophers of biology.

Critics of the statisticalism have tried to show the causal nature of evolutionary theory by

interpreting selection or drift as a physical process (Stephens, 2004; Millstein et al., 2009)

or as some sort of population level causes (Reisman and Forber, 2005; Forber and Reisman,

2007; Millstein, 2006). Despite these efforts over the past decade, however, the controversy

shows no sign of a settlement.

The above discussions are concerned with meta-scientific characterizations of evolution-
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ary theory. On the other hand, a number of biologists as well as philosophers have focused

on the methodological aspect of the problem and criticized actual practices in evolutionary

genetics for their failure to capture the causal structures underlying selection or reproduc-

tion.

The earliest among such criticism was targeted at the causal interpretation of the heri-

tability, h2 (Lewontin, 1974a; Kempthorne, 1978). In his seminal paper, Richard Lewontin

emphasized that the heritability measures just a variation in the population without any

indication of causes. The heritability is usually estimated from variances and covariances of

phenotypic values of related individuals. As such, Lewontin argued, it by itself does reveal

anything about the developmental origin of the trait or the relative importance of genetic

factors over the environment. Pigliucci and Kaplan extend this criticism to the genetic

variance-covariance matrix G in Lande’s equation (Eqn. 1.4), the multivariate version of

the heritability (Pigliucci, 2006; Pigliucci and Kaplan, 2006). Just like the heritability, the

G matrix does not point to stable causal pathways but is rather a statistical summary of

genetic variations in a population at a certain time. Since such variations are ephemeral

and sensitive to environmental fluctuations, they conclude that the G matrix is unsuitable

for the task of predicting long-term evolutionary trajectories.

A similar concern was raised against the measures of selective pressure, selection differ-

ential S and selection gradient β. Wade and Kalisz point out the standard approach (i.e.,

multiple regression) to measure these quantities is “correlational rather than causal analy-

sis” (Wade and Kalisz, 1990, p. 1948). The selection differential is usually defined by the

covariance between relative fitness (the number of offspring divided by the average number

of offspring) and a trait, whereas the selection gradient is the partial regression coefficient

of the former on the latter. Both of them are based on a statistical association between

fitness a trait. These statistical facts, however, are silent as to the underlying cause, i.e.,
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why such an association exists. In the view of Wade and Kalisz, it is the environment

that plays an important causal role in selection by relating phenotypic values to the fitness.

Speed of zebras, for example, would not correlate with their fitness if there are no predators

around. The selection differential and gradient, however, do not pay attention to these

environmental factors and fail to capture the true cause of selection. Combined with the

above remarks on the heritability and the G matrix, this indicates that the basic principles

of quantitative genetics — the breeder’s equation (Eqn. 1.3) and Lande’s equation (Eqn.

1.4) — consist of just statistical, but not causal, properties of populations. For this reason

Pigliucci and Kaplan (2006) conclude that the current quantitative genetics fails to address

causes of evolutionary changes.

Another line of criticism of the same spirit was made by Glymour (2006), who claims

that most of the current models in population genetics are unreliable (i.e., fail to give cor-

rect predictions of evolutionary trajectories) since they lack an explicit definition of the

causal model incorporating various factors that can crucially affect evolutionary responses.

What, then, is a causal model? “A model is causal to the extent that it generates reliable

predictions about the values variables in the model take consequent to ideal interventions

on other variables in the model” but, as he continues, “population genetics models generally

do not do this” (Glymour, 2006, p. 383). Why? Because the population genetics models

generally focus only on probabilistic associations among quantities of interest, whereas a

mere probability distribution does not allow counterfactual reasonings. Suppose you are

given probability distribution P (X) over a set of variables X, and hence all the functions

derivable from it, e.g., variances, covariances, or regression coefficients (which are just a

covariance divided by a variance) of any subset of X. Then ask, what would be the con-

sequence of changing value of X1 ∈ X? You never know the answer. Such an external

intervention would break down the initial probabilistic relationships among X, but these
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were by assumption the only information you had. This means a non-causal model is valid

only under the conditions same as or similar enough to the initial condition used to estimate

the model. Predictions from such a model become unreliable once some relevant factors are

altered, e.g., by changing environments.

Although Glymour’s primary focus was population genetics, his argument from causal

models equally applies to quantitative genetics. As we saw above, the standard formulae

of quantitative genetics such as the breeder’s equation and Lande’s equation consist of

variances and covariances, i.e., functions of a statistical distribution, and lack an explicit

definition of a causal structure underlying their variables. It thus follows that they too

cannot be used to predict consequences of any change in the causal factors underlying

selection or reproduction (e.g., phenotypes, genotypes, environments, etc.), or even worse

such a change might completely invalidate the models themselves. For this reason it is

claimed that the scope of these equations are limited to a very short period, probably

a couple of generations during which environmental and genetic factors can be assumed

to be relatively constant, but “predicting long-term evolutionary trajectories is hopeless”

(Pigliucci and Kaplan, 2006, p. 39).

1.3 THE GOALS OF THE THESIS

The puzzle over the causal nature of evolutionary biology has occupied philosophers’ concern

over the past three decades, and still remains unsettled. Moreover, it is not just about the

philosophical or meta-scientific interpretation: the scientific practice of evolutionary genetics

itself is also at stake.

How to solve this puzzle? The standard strategy of philosophers tackling this issue has

been interpretation of scientific concepts. That is, the causal nature of evolutionary theory

was expected to be clarified by giving the correct interpretation of the key concepts, most
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notably fitness, in the theory (Otsuka, unpublished; see also Chapter 3). This approach is

completely different from the approach taken in this thesis. In line with Glymour (2006)’s

criticism, I believe that the issue in question can be solved not by scrutinizing scientific

concepts, but only by giving causal models underlying evolutionary equations. The recent

develop in the causal modeling literature has enabled a formal treatment of causal relation-

ships as well as systematic analyses on the relationship between causality and probability

(Spirtes et al., 2000; Pearl, 2000). Using this technique I will show that evolutionary dy-

namics described by state transition functions as in Eqn. 1.2, 1.3, or 1.4, can be derived

from certain types of causal structure over genes, phenotypes, and fitness. The resulting

models provide solid causal foundations of evolutionary genetics and make explicit how the

statistics appearing in the evolutionary equations are related to the underlying causes.

The basic formal apparatus used throughout this thesis, the causal model, is introduced

in Chapter 2. With this machinery, Chapter 3 sets out to provide causal foundations for

some standard models in evolutionary genetics. The goal there is to build causal models

which (i) include the relevant variables such as genetic, phenotypic, and environmental fac-

tors; (ii) generate the statistics necessary to describe and predict evolutionary trajectories;

and (iii) can be used to predict the consequence of a possible intervention on a subset of

these variables. I will show such models for both the simple population genetics (Eqn.

1.2) and quantitative genetics equations (Eqns. 1.3 and 1.4). These models not only re-

veal the causal foundations of evolutionary genetics, but also give unequivocal answers to

much debated philosophical questions regarding the causal efficacy of some key concepts in

evolutionary theory, such as selection or fitness.

Given this foundational analysis, the second goal of this thesis is to extend the current

theory of quantitative genetics to handle more complex causal structures than those assumed

by the standard evolutionary models. One advantage of causal modeling is its flexibility in
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dealing with various types of causal structure. Once the basic causal framework is laid out,

it is straightforward to modify its assumptions and study the evolutionary implications.

The second part of the thesis will explore how “non-standard” causal mechanisms such as

non-genetic inheritance, niche construction, or inter-phenotypic causations (including, for

example, development) affect evolutionary dynamics.

One notable lack in the classical evolutionary genetics model is development. The clas-

sical models only focus on the genetic effects on phenotypes, at the expense of inter-trait

causal relationships including various sorts of developmental pathways. Perhaps this is

partly due to the absence of an adequate methodology to discover and estimate such rela-

tionships (Cowley and Atchley, 1992). With sound assumptions on the relationship between

probability and causality, however, it is now possible to partially infer the underlying causal

structure from observed data (Spirtes et al., 2000; Pearl, 2000). Chapter 4 explores some

possibilities of applying these methods in the search of integrating causes of phenotypes.

With a concrete example it is shown that the algorithms can not only discover developmen-

tal structures based on data obtained from the standard breeding experiments, but also

provide a promising method to identify selective pressures acting on phenotypes.

The phenotypic causal structures explored in Chapter 4 prompt a new look at the way

selection acts on organisms. In contrast to the standard regression model where selection

acts on each trait separately, causal relationships among phenotypes “propagate” actions of

selection on one trait to another. Chapter 5 examines how this mediating role of phenotypic

causation alters fitness functions as well as courses of adaptive evolution. A new formula

that predicts evolutionary response to selection acting on causally related phenotypes will

be given. The explicit inclusion of causal structures into an evolutionary model will allow

formal analyses of the phenotypic evolution under various developmental organizations (e.g.,

generative entrenchment) as well as of developmental constraints on long-term evolutionary
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trajectories.

Development is not the only lacuna in the traditional genetics. Non-genetic inheritance

(Jablonka and Lamb, 2005) and niche construction (Lewontin, 1983b; Laland et al., 2000)

also have gained considerable attention in the recent debate on the “Extended Synthesis,”

which calls for an integration of various novel evolutionary mechanisms into evolution-

ary genetics (Pigliucci and Muller, 2010). It has been argued that these “non-standard”

mechanisms can have substantial impacts on evolutionary dynamics. Chapter 6 derives evo-

lutionary dynamics for these novel mechanisms from variants of the standard causal model

developed in Chapter 3. This, combined with the results in the earlier chapters, illustrates

the ability of the causal model approach to translate any type of causal structure underly-

ing selection and reproduction into evolutionary dynamics, integrating the two explanatory

principles distinguished by Mayr (1961), namely the proximate and ultimate causations.

The final chapter delineates a general structure of evolutionary theory that would en-

compass all the evolutionary mechanisms covered in this thesis. One of the most popular

meta-scientific representations of evolutionary theory is the state space approach (Lewontin,

1974b; Lloyd, 1988). This approach, however, captures only the kinematics of evolutionary

process, at the expense of its dynamic causes. By combining a state space model and a

causal model, I will propose a new formal framework that captures both aspects of evolu-

tionary theory. The formal representation provides both descriptive as well as normative

accounts of evolutionary theory. Descriptively, it gives the logical structure of evolutionary

theory in the clearest fashion. It identifies the essential “ingredients” of an evolutionary

model and shows how a model predicts evolutionary phenomena. Normatively, it stipulates

what a model must satisfy, especially for long term predictions. Eventually, no realistic

models can give an accurate prediction for an arbitrary period of time. But it does not

mean all models are equally bad (or good): the robustness of a model’s prediction depends
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on its causal assumptions. The two-model representation thus highlights a model’s causal

assumptions as a key determinant of its predictive ability. Through these analyses, this

thesis provides an unified causal framework that covers various evolutionary phenomena

and suggests new research directions.
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CHAPTER 2

SEMANTIC AND CAUSAL MODELS

2.1 INTRODUCTION

Throughout this thesis, I put a strong emphasis on model building as a means to solve

philosophical as well as scientific problems. The importance of models in the modern

biological sciences is indisputable. A number of philosophers and scientists have analyzed

the structure of evolutionary theory in terms of models (e.g., Levins, 1966; Lewontin, 1974b;

Beatty, 1981; Lloyd, 1983, 1988; Lloyd et al., 2008; Thompson, 1983; Griesemer, 1984;

Griesemer and Wade, 1988; Downes, 1992; Godfrey-Smith, 2006; Wimsatt, 2007). It has

even been suggested that the whole field of evolutionary biology can be viewed as a family

of related models (Lloyd, 1988).

But what are models, and how do they help addressing the philosophical puzzle about

the causal nature of evolutionary genetics? In the philosophical literature, the standard

account of scientific models was provided by the semantic approach (Suppes, 1967, 1968;

van Fraassen, 1970, 1972; Suppe, 1974, 1989). In the first part of this chapter I briefly review

its basic machinery and see how various models in evolutionary genetics fit to this view.

Although the semantic approach provides an useful account of these evolutionary models,

it will turn out to be insufficient as a tool for analyzing their causal bases, simply because
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it does not have an explicit representation for the notion of cause. As an alternative I will

introduce a theory especially designed to handle causal relationships (Spirtes et al., 2000;

Pearl, 2000). This approach provides a formal framework to represent and detect causal

relationships, and thus is more suitable to the goals of this thesis.

2.2 THE SEMANTIC APPROACH

The semantic approach was originally proposed as an alternative to the positivist tradition in

philosophy of science that identifies a scientific theory with a deductive system of statements.

In contrast to this syntactic conception of science, the semantic approach characterizes a

theory in terms of its model (Suppes, 1967, 1968; van Fraassen, 1970, 1972; Suppe, 1974,

1989). A scientific model in this view is a mathematical structure used to represent some

aspects of phenomena under study and to determine a set of correct descriptions of the

system. Various scientific claims, therefore, are made as statements that hold true with

respect to a model (or more precisely a class of models) thus constructed.

2.2.1 FORMAL REPRESENTATION OF SEMANTIC MODELS

More formally, the semantic approach treats models as set-theoretic entities consisting of a

set of features of an ideal system and relations between these features. The features and

the relations are represented respectively by variables and laws.

Variables measure various aspects of the system in question and collectively represent

a state of the system at a particular time point. The set of all variables constitutes a state

space or phase space, a point in which corresponds to a particular state of the system. For

example, the state of an ideal gas in an isolated chamber at one time can be described by

three variables — pressure P , volume V , and temperature T — and the temporal evolution

of the system can be represented as a trajectory in a three-dimensional euclidean space.
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Laws of a system confine possible configurations of variables at a given time or state

transitions across time. Laws of coexistence impose synchronic constraints on the variables,

determining possible combinations of values that can obtain at the same time. For example,

the ideal gas law limits the possible states of the system of an ideal gas to be those satisfying

PV = mT for some constant m. In this way the law determines for a given set of values

whether such a combination is realizable or not. On the other hand, diachronic constraints

are given by laws of succession, which specify how the state of the system changes across

time. A classical example is the laws of motion in classical mechanics which determine the

state of a physical system in time t+1 given its state in t. This type of law is usually given

as a set of functions that calculate the current state of a system given its past.

The laws cited above are deterministic to a good approximation in the sense that a set

of independent variables (say the physical state at time t) uniquely determines the values of

the dependent variables (the state at t+1), but both laws of coexistence and succession can

be indeterministic. Statistical laws of coexistence specify a probability measure over the

variables, a typical example of which is the Boltzmann hypothesis that each micro state of

a gas has equal probability (van Fraassen, 1970; Suppe, 1989). Examples of statistical laws

of succession include various types of transition probabilities, such as those in a Markov

chain, which are given in the form of the conditional probability of a state of the system at

the present time given its previous state.

2.2.2 EVOLUTIONARY PRINCIPLES AS SEMANTIC MODELS

The semantic view has been applied to analyze the theoretical structure of evolutionary

biology by several philosophers (e.g., Beatty, 1981; Lloyd, 1983, 1988; Thompson, 1983).

In effect, the state transition functions we saw in the previous chapter can be regarded as

laws of succession (Lloyd, 1988), and thus the general goal of mathematical genetics during
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the Modern Synthesis can be understood as building models of evolutionary dynamics à la

semantic approach.

Take, for example, the simple two allele population genetics model discussed in Chapter

1. Its state space consists of single variable P denoting the frequency of allele A. Then

the state transition function given by Eqn. 1.2 defines the law of succession in this space,

where selection coefficient s is the parameter of this law. Since this example has only one

variable its law of coexistence simply determines the possible range of P so that 0 ≤ p ≤ 1.

Quantitative genetics models can be treated in a similar fashion. For a set of phenotypes

Z = (Z1, Z2, . . . , Zk), the state space consists of k phenotypic variables and one additional

fitness variable W (this space is called the fitness landscape). Then Lande’s equation ∆Z̄ =

Gβ (Eqn. 1.4) gives the law of succession when selection is linear. In this law the G

matrix is treated as a fixed parameter and β, which is multiple regression coefficients of the

relative fitness on phenotypes, is a function of Z and W . In addition, the possible phenotypic

configurations are determined by the law of coexistence, which represents various constraints

resulting from the physical or developmental nature of the phenotypes.1

2.2.3 PROBLEM OF CAUSATION

The standard principles of population and quantitative genetics, therefore, find nice rep-

resentations under the semantic conception. But this fact alone does not imply anything

about their causal nature, until the very nature of causal relationship is explicitly defined.

And as it turns out, the semantic framework is inadequate for this task: neither of its two

laws — laws of coexistence or succession — captures the nature of causal relationships.

First, laws of coexistence do not address causality because they are just a classification

of the state configurations. All they do is to classify all states into the possibles and the

impossibles (in a deterministic case) or in equivalence classes with respect to the probability

1The nature of these constraints on the phenotypic space will be discussed in Chapter 5.
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assigned to each state (in an indeterministic case). As such, they do not tell us what would

happen if some of the variables are altered by an external means. This is clear with the

above example of multivariate evolution. Suppose we intervene on trait Zi and change its

value (of one individual or of all individuals in the population; the difference does not matter

here). The constraints on the phenotypes, which may be given by a probability distribution

over Z, would say nothing about its consequence, either on the phenotypic configuration of

the current generation or that of future generations.

In contrast, laws of succession may appear to be better suited to encode causal relations,

for they are meant to capture the dynamic transition of a system. This is not so, for causality

involves much more than a diachronic relationship. Imagine the following toy model that

describes climate impacts on some local economy. In this region, the only water resource

is a seasonal precipitation which may or may not occur in each year. If there is no rain in

year t (Rain t = 0) the region suffers from poor crop in the next year (Cropt+1 = 0), while

if it rains (Rain t = 1) various sorts of waterborne diseases will spread (Disease t+1 = 1).

Furthermore, poor crop in year t results in a famine in the next year (Famine t+1 = 1),

whereas a disease outbreak has no such impact. This is summarized by the graph in Fig.

2.1. Obvious candidates for the laws of succession for this model are then:

Diseaset+1 = Rain t, (2.1a)

Cropt+1 = Rain t, (2.1b)

Famine t+1 = ¬Cropt. (2.1c)

But since Cropt = Diseaset for any t, we can replace the third law with

Famine t+1 = ¬Diseaset. (2.1d)
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Figure 2.1: The generative structure for the toy model of the climate impact on a local population. See
the main text for the detail.

Now, nothing in the semantic conception prevents us from adopting (2.1d) instead of

(2.1c) as the third law of succession. In other words, the model based on {(2.1a), (2.1b),

(2.1c)} and that based on {(2.1a), (2.1b), (2.1d)} are indistinguishable in the semantic

framework. In fact, as far as prediction is concerned, these models give exactly the same

results.2 Nevertheless the second set of laws {(2.1a), (2.1b), (2.1d)} strikes us to be an

utterly inadequate description of our example. The reason is simple: from our assumption

intervening on Disease (by, say, an appropriate immunization program) should have no

effect whatsoever on the occurrence of famine in the subsequent year, whereas Eqn. (2.1d),

if interpreted causally, suggests otherwise. Thus although laws of succession in the semantic

view may be used to predict diachronic changes of the system as far as it is undisturbed, they

do not support inferences to a counterfactual outcome that would result from an external

intervention.3

Overall, the semantic approach is ill-suited for causal analyses because it focuses exclu-

sively on predictions at the expense of interventions. Its laws describe patterns the system

under study exhibits synchronically or diachronically, but do not pay attention to how they

are generated. Such patterns are useful to predict future or past states of the system as

2In Suppe’s term the theories behind these two models have the same set of theory-induced physical

systems (Suppe, 1989, p. 84). And since the empirical truth of a theory is accessed (to put it crudely) by
the correspondence between its theory-induced physical systems and the real systems (ibid. p. 96), this
means that the two theories have the same truth conditions.

3Counterfactual elements enter in the semantic conception only in the relation between the idealized
model and the real world — a model describes what the phenomena would have been should the actual
world be governed by only those parameters in the model (Suppe, 1989, p. 82–3). In contrast, Suppe
explicitly denies the counterfactual nature of the laws of the semantic approach (ibid. p. 165).
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far as it stays in its normal orbit. But these laws cease to be effective once the system is

perturbed by some external means, since such interventions most likely disturb its econ-

omy. Returning to the evolutionary models presented in Chapter 1, one can continue to

use Lande’s equation to predict phenotypes of future generations as long as the original

conditions, including selective environment and genetic parameters, stay the same. But

it does not tell us what would happen if the genetic variance of some trait or a selective

pressure is altered by some natural or artificial means. Answering these questions requires

knowledge or assumptions about the generative structure that relates a change in one vari-

able to the rest of the system. In other words, to support counterfactual reasoning a model

must explicitly defines generative or causal relationships, distinguished from mere temporal

relationships. This is what causal models take care of, as we see below.

2.3 CAUSAL MODELS

Causal modeling refers to a group of techniques that combine graph theory and probability

theory to study causal relationships among variables. There are a variety of related, but

not necessarily homogeneous, graphical approaches to causality including graphical models

(Lauritzen, 1996), structural equation models (Bollen, 1989) or Bayesian networks (Pearl,

1988, 2000; Spirtes et al., 2000), but the basic idea dates back to Sewall Wright’s path

analysis (Wright, 1920, 1921, 1934). In this thesis a particular focus is put on the so-

called Bayes Nets, whose primary aim is to discover causal structures from observational

data and to evaluate counterfactual consequences. The introduction here limits formalism

to minimum required for the latter discussions. More detailed accounts can be found in

Spirtes et al. (2000) and Pearl (2000).
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2.3.1 CAUSAL GRAPHS

Like semantic models, a causal model deals with a system of related variables. But unlike

the semantic approach, the primary focus of causal modeling is causal, rather than temporal,

relationships, and to encode them it employs a graph theoretic structure.Causal graph G =

〈V,E〉 is a pair of a set of variables or vertices V and a set of edges E := V×V. Vertices

may be divided into two subsets, observables X and latents U, such that V = X ∪ U

and X ∩U = ∅. Edges have a direction, which represents the asymmetric flow of causal

influence. For two vertices Vi, Vj ∈ V, the presence of edge (Vi, Vj) ∈ E, or more graphically

Vi → Vj , means that Vi directly causes Vj with respect to the set of vertices V. Vi is then

called a parent of Vj and denoted by Vi ∈ PA(Vj), while Vj is called a child of Vi. Vertices

that do not have a parent in V are called exogenous. Otherwise they are called endogenous.

A path is any sequence of edges connecting two vertices. If every edge in a path between Vi

and Vj is pointing toward Vj, it is called a directed path from Vi to Vj, and Vi is an ancestor

of Vj while Vj is a descendant of Vi.

A cycle may arise if some vertex Vi ∈ V is its own ancestor, i.e., it causes itself directly

or indirectly. A causal graph is called acyclic if it does not contain a cycle, and directed

acyclic graph or DAG for short if in addition all of its edges are uni-directed (see below).

All the graphs discussed in this thesis are acyclic, but not necessarily DAGs.

In addition to uni-directed edge, a graph may contain bidirected edges such as Vi ↔ Vj .

Bidirected edges are used to represent any association that is not due to one causing the

other. Such an association may arise, for example, when there is a latent common cause of

the two vertices that is not included in V or there is a selection bias.

Fig. 2.2 is an example of a causal graph. Following the convention, observed variables

are denoted by boxes and latents by circles when the distinction is necessary or useful.

One can think of this graph as representing a very simple genetic model where fitness X3
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Figure 2.2: An example of a causal graph representing a two-locus two-trait genetic system. X1 and X2

are traits affecting fitness X3. U1 and U2 are loci affecting X1 and X2, with U1 having pleiotropic effects.
U3 is an environmental factor that confounds the fitness and character X2.

is affected by two traits X1 and X2, which are controlled by just two loci U1 and U2. In

addition, there is environmental factor U3 that affect both fitness and trait X2. The edge

from U1 to X2 shows the pleiotropic effect of U1, and the bidirected edge between U1 and

U2 represents a genetic association (i.e., linkage disequilibrium).

2.3.2 CAUSAL MODELS

A causal graph defined above encodes qualitative information about a causal structure

over variables, i.e., which causes which. A causal model is created based on this graph by

specifying the nature of each causal edge in the graph either by functions or conditional

probabilities so that one can address more detailed questions including how a cause affects

its effect(s). In this thesis we deal with parametric models where causal relationships are

represented by structural equations. A parametric causal model M is defined as a triplet

〈G,F, P 〉 where G = 〈V,E〉 is a causal graph, F is a set of functions on V, and P is a

probability distribution over the exogenous variables in G.

A set of structural equations F specifies the nature of causal relationships given as edges

in the causal graph. For each endogenous variable Vj ∈ V there is one structural equation
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fj ∈ F of the form

Vj = fj(PA(Vj)). (2.2)

A structural equation thus uniquely determines the value of variable Vj given its direct

causes PA(Vj). When the relationship is linear, Eqn. 2.2 can be expressed as

Vj =
∑

Vi∈PA(Vj)

βiVi (2.3)

with a set of linear coefficients β (also called path coefficients). Hence in a linear causal

model each edge in the graph is assigned with one linear coefficient.

Probability distribution P assigns probabilities for values of the exogenous variables

(i.e., those that do not have a causal input) in V. P is constructed so that the marginal

distribution of two exogenous variables Ui, Uj ∈ U ⊂ V are unconditionally independent

if they are not connected by a bidirected edge. When there is a bidirected edge between

two exogenous variables, we define its coefficient by their unconditional covariance in P .

Combined with the structural equations, P uniquely determines the probability distribution

over all the variables in V.

As an example, a linear causal model based on the causal graph for the two-locus system

shown in Fig. 2.2 may be given by

X1 = β3U1

X2 = β4U1 + β5U2 + β7U3

X3 = β1X1 + β2X2 + β6U3

U1 ⊥ U3

U2 ⊥ U3

Cov(U1, U2) = ρ

where the left column lists structural equations F and the right column specifies probability

distribution P , with ⊥ denoting statistical independence. Note the coefficients in Fig. 2.2
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correspond to these specifications. The linearity of the structural equations in this system

means that all genes are additive and selection is directional. On the other hand, the

statistical independences between the genes (U1, U2) and the environment (U3) mean there

is no genotype-environment correlation.

2.3.3 INTERVENTIONS

As stated before, a primary rationale for using a causal model is to evaluate counterfactual

situations that would result from hypothetical interventions on a system. In a causal model

an intervention is represented through a partial surgery of the causal graph or an additional

“intervention variable” (Spirtes et al., 2000; Pearl, 2000). Here I introduce the former

method.

An intervention on a system amounts to forcing some variable(s) to assume a particular

value (or a new marginal distribution) by an external means. By doing so, it disturbs the

previously holding generative mechanism, in particular it separates the manipulated variable

from its original causes.4 Not all relations, however, are disturbed. If an intervention is

sufficiently local or modular, it will leave the rest of the system intact. In our climate

example, enforcing an effective immunization program would interrupt the causal influence

of Rain on Disease, but would not affect other causal mechanisms, namely Rain → Crop

or Crop → Famine. This suggests that an intervention on a variable can be expressed by

deleting all (but only) edges entering into that variable in the original causal graph and

assigning a new value (or a marginal probability distribution) to that variable.

More formally, an intervention that fixes the variable Vi to ṽi replaces the original struc-

tural equation Vi = fi(PA(Vi)) with Vi = ṽi, leaving the other equations intact. Accordingly,

all (but only) edges from PA(Vi) to Vi in the corresponding causal graph are removed. This

4This kind of intervention is called “hard intervention.” One can also think of “soft interventions” that
affect values of the manipulated variables without decoupling them from their causes. See Eberhardt (2007)
and Chapter 3.

25



U3

U1 U2

X3

X1 x̃2

ρ

β3

β6

β1 β2

Figure 2.3: The causal graph resulting from an intervention on X2 in Fig. 2.2. The double-frame box
indicates the manipulated variable. The intervention prunes all edges coming into X2 in the original graph.

operation results in the new causal graph G′ and probability distribution P ′ over the exoge-

nous variables U′ of G′ (which would include Vi, since it now is parentless). Consequences

of the intervention are then evaluated with this new model, 〈G′,F′, P ′〉.5

The Fig. 2.3 is the graph that results from intervening on trait X2 in the causal graph

in Fig. 2.2. The intervention fixes X2 = x̃2, decoupling the trait from its developmental

mechanisms. Combined with the remaining structural equations and the probability distri-

bution over U′, the resulting graph allows us to calculate the post-intervention probability

of X3, namely the consequence on fitness of fixing phenotype X2 to x̃2. Following Pearl

(2000), let us denote the probability distribution that would result from the intervention to

the effect Xi = x̃i by P (V|do(Xi = x̃i)) := P ′(V). The do(•) operator here indicates an

alternation of the original causal structure. This new probability distribution is a formal

answer to the counterfactual question what if Xi had been x̃i — for it illustrates a hypo-

thetical consequence of altering the value of Xi and letting the other parts of the system

undergo changes that would follow from such a manipulation.

The causal model thus answers what-if-things-had-been-different questions by modifying

5For more detailed descriptions of interventional calculus, especially identifiability of the post-
interventional distribution, see Spirtes et al. (2000, pp. 47–53) and Pearl (2000, chaps. 3, 7).
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the causal structure (Woodward, 2003). Note that a probability distribution alone can not

answer such questions. In particular, in our example the post-intervention fitness distribu-

tion P (X3|do(X2 = x̃2)) is not necessarily equal to conditional distribution P (X3|X2 = x̃2),

namely the fitness distribution given that X2 is observed to be x̃2 (Pearl, 2000). A system of

symmetric equations such as laws of succession in the semantic view is not sufficient either,

for the pruning process in the intervention calculus is based on asymmetric relationships

between variables coded by the causal graph. Only with the explicit definition of causal

relationships with a directed graph can one represent hypothetical interventions to a sys-

tem and evaluate the result that would follow from such interventions. The causal graph,

therefore, is what makes a model or laws causal.

2.3.4 CAUSALITY AND PROBABILITY

Recall that in semantic models laws of succession determine possible trajectories of a system

in the state space, so that some areas in the state space are simply unattainable given

the assumptions of the model. Likewise in causal models the causal graph G and the

corresponding set of structural equations F impose constraints on the joint probability

distribution P (V). Since in many cases we have an access only to a probability distribution

but not to the true causal relationships, these constraints give a “window” through which

we can test our causal assumptions and, if possible, discover the generative structure. For

this reason much effort in the causal modeling literature has been directed to understand

the nature of constraints on probability distributions imposed by various features of causal

structures, represented either by the topology of causal graphs or by structural equations.

The most important form of the constraints on probability distributions is conditional

independence imposed by a causal graph. The Markov Condition (MC) states that any

variable in a graph is conditionally independent given its parents from its non-descendants
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(i.e., non-effects):

Vi ⊥ ND(Vi)|PA(Vi), Vi ∈ V (2.4)

where ND(Vi) is the set of variables that excludes all descendants of Vi as well as Vi itself

from V. Let us illustrate this with X1 in Fig. 2.2. Since X1 has only one parent U1

and one descendent X3, from the MC we have X1 ⊥ {X2, U1, U2, U3}|U1. According to

our interpretation given above this would mean, among other things, that the phenotypic

correlation between X1 and X2 disappears among individuals having the same genotype at

locus U1 or when some allele in U1 reaches to fixation.

The MC is known to be logically equivalent to another condition called d-separation

(Pearl, 1988). For non-overlapping sets of vertices X,Y and Z, we say X and Y are d-

separated by Z and write X ⊥d Y|Z if and only if every sequence of edges s between a node

in X and a node in Y is blocked by Z, that is,

1. s contains a chain Vi → Vj → Vk or a fork Vi ← Vj → Vk such that Vj is in Z, or

2. s contains an collider Vi → Vj ← Vk such that Vj is not in Z and such that no

descendant of Vj is in Z.

Given this definition, Pearl has shown that d-separation entails conditional independence,

i.e.,

X ⊥d Y|Z⇒ X ⊥ Y|Z.

Again, let us see this with Fig. 2.2. When we look at X1 and X2, we see that they are d-

separated by U1. Hence X1 ⊥ X2|U1. In contrast, U2 does not d-separate X1 and X2, since

the path X1 ← U1 → X2 is not blocked. More interestingly, even though U1 d-separate X1

and X2 a larger set {U1,X3} doesn’t. This is because conditioning on X3 opens the collider

X1 → X3 ← X2 according to the second condition of d-separation. Hence even though we

have X1 ⊥ X2|U1, it does not follow that X1 ⊥ X2|{U1,X3}.
6

6An intuitive meaning along the biological interpretation given above is this: fixation at locus U1 makes
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The MC and the d-separation give constraints that every joint probability distribution

generated by a causal structure (represented by causal graph G) must satisfy. As we will

see in Chapter 4, these restrictions play an important role in an inference of the underlying

causal structure from non-experimental data.

In contrast to the MC and d-separation that exploit the topology of a causal graph,

there is another type of constraint that holds for a particular type of structural equation. If

all structural equations in a model are linear (i.e., expressed as in Eqn. 2.3), the covariance

of two variables is determined by the so-called trek rule (Wright, 1920). A trek between

variables X and Y is a path (sequence of edges) between them that is not blocked by the

empty set. Such a sequence is equivalent to a pair of directed paths that share the same

source or whose separate sources are connected by a bidirected edge.7 For each trek, we

can calculate its trek coefficient by multiplying (1) the (co)variance of its source(s) and (2)

all the linear coefficients on the edges constituting the trek. The trek rule states that the

covariance of two variables equals the sum of trek coefficients over all the treks connecting

them. That is, if T is a set of all the treks between X and Y and βti is the linear coefficient

of the ith edge in t ∈ T,

Cov(X,Y ) =
∑

t∈T

σt

∏

i∈t

βti (2.5)

where σt is the (co)variance of the source(s) of trek t.

In Fig 2.2, for example, there are two treks connecting X1 and X2: X1 ← U1 → X2 and

X1 ← U1 ↔ U2 → X2. Summing their trek coefficients gives Cov(X1,X3) = Var(U1)β3β4 +

the two traits independent, as we have seen. But if we further know the fitness of an organism, a value of
one trait gives information about the other. Suppose, for example, that we only sample organisms with high
fitness (e.g., those who survived), thereby conditioning on X3. If both X1 and X2 positively contribute to
the fitness, we expect they are negatively correlated within this class, since as every organism in this sample
has a more or less high fitness low values of X1, say, must be compensated by high values of X2, and vice
versa. Conditioning on a common effect — in this case, fitness — is called selection bias, and provides the
reason that selection generates phenotypic or genetic associations, including linkage disequilibrium (Lande
and Price, 1989).

7Note that one of the pair may be empty. Thus one directed path from X to Y counts as a trek between
them.
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ρβ3β5, which is the additive genetic covariance of X1 and X2. We will see more of these

in the next chapter where I will make free use of this rule to analyze the causal structures

underlying evolutionary models.

2.4 REDEFINING THE PROBLEM

In Chapter 1 we briefly reviewed the philosophical puzzle about the causal nature of evo-

lutionary theory, i.e., the question as to whether the principles in evolutionary genetics

represent causes of evolutionary changes. But this question, as stated in this way, is suffi-

ciently vague that it has generated considerable amount of confusion among philosophers.

Indeed, in my view a part the reason for the prolonged philosophical dispute over this issue

is that the question has not been asked in the right way (Otsuka, submitted). The lack of

a clear and sound notion of “evolutionary principles” or “cause” has led some if not many

philosophical analyses astray and hindered a fruitful discussion among philosophers. Hence

prior to any philosophical analysis it is imperative to identify what exactly is the problem

demanding a solution. In this regard the formal frameworks introduced in this chapter

prove particularly helpful, allowing for a sharper redefinition of the contention.

As noted above, population or quantitative genetics models find natural representations

in the semantic approach. Evolutionary equations such as Eqn. 1.2, 1.3, and 1.4 represent

laws of succession in the state space defined by allele frequencies or phenotypic values. The

problem, however, was that their ability to correctly track evolutionary changes does not

entail that they also capture causal relationships correctly — a successful law of succession

may be purely phenomenological without any causal implication, as is evidenced by the

“law” (2.1d) that predicts Famine in the next year from Disease in the present year. Hence

the fact that evolutionary genetics gives correct or acceptable predictions of future states

of the population alone does not resolve the philosophical puzzle as to the causal nature of
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its principles.

The general problem here is that the semantic approach characterizes laws as transi-

tional patterns, without explaining how these patterns arise at the first place. The laws of

coexistence or succession represent synchronic or diachronic constraints on possible states,

but the model itself does not reveal why such constraints hold, or in other words, whence

these laws come from. This is not to say that the laws in a semantic model are groundless;

in actual model building practices they are supposedly obtained from empirical observa-

tions or an in-principle reasoning given by a modeler. Rather the point is that the semantic

representation has no formal means of representing this (possibly causal) information and

thus leaves all these constructing processes in the backstage. As such, it gives no clue as

to how the laws change as some of the original conditions under which these laws were

obtained get altered. Although this kind of information may not be necessary for simply

predicting the system’s behavior in a stable environment, it proves essential for answering

causal inquiries, e.g., if we want to know how the system responds to an intervention on its

part, since such an intervention amounts to a partial modification of the original conditions

which effectively invalidates the pre-established laws of succession.

The philosophical question, therefore, boils down to the possibility of identifying gen-

erating mechanisms underlying evolutionary models, especially their laws of succession. Is

there a causal model that generates the population dynamics in the state space? Or from

another perspective, are the laws of succession of evolutionary models reduced to underly-

ing causal models? The next chapter tries to answer these questions. I will build causal

models representing selection and reproduction, and show, using the method described in

this chapter, that the models thus constructed actually generate evolutionary equations

used in evolutionary genetics to predict population changes. This will not only provide

the causal foundations of evolutionary models, but also enables estimation of the result of

31



possible interventions on some key variables such as fitness, giving definite answers to the

philosophical puzzle concerning the causal nature of evolutionary theory.
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CHAPTER 3

CAUSAL FOUNDATIONS OF

EVOLUTIONARY GENETICS

3.1 INTRODUCTION

The goal of this chapter is to examine the causal structures underlying the standard formulae

of evolutionary genetics through the application of the formal techniques introduced in the

previous chapter. An explicit definition of the causal model will resolve the philosophical

debates over the causal nature of evolutionary theory. Before proceeding, however, it would

be useful to review the debates in question more closely to see what exactly is at stake.

As we have seen, modern mathematical theories of evolution study changes in population

using state transition functions or laws of succession (Chap. 2; Lewontin, 1974b; Lloyd,

1988). Such functions predict future states of a population given its current composition

(Eqns. 1.2, 1.3 and 1.4). The issue, however, is that the mere presence of a transition

function does not warrant that what it describes is a causal process, for the relation may be

purely phenomenological or mathematical (Chap. 2). The philosophical puzzle, therefore,

is whether these evolutionary equations reflect any causal process, and if so, how.

Parallel to this issue — whether evolutionary theory describes a causal process or not —
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is the question as to whether its key concepts, most notably fitness and selection, identify

a cause of evolutionary change. Millstein (2006), for example, argues that selection is a

population-level cause of evolution, while Matthen and Ariew (2009) and Lewens (2010)

deny any causal power to selection. Walsh (2007, 2010) claims that fitness is causally

inert since it fails to satisfy certain criteria of causality, while his argument was criticized

by Otsuka et al. (2011). Sober (2013), lastly, argues that fitness itself does not cause

population change, but its variance does. Although the reasonings behind these claims vary,

they all base (some portion of) their argument on the manipulationist notion of causation

(Woodward, 2003). That is, both parties seem to agree that fitness and selection are (not)

causal to the extent that manipulating them (does not) affects evolutionary response.

But how do we know the consequence of such manipulations? To examine this most

(but not all) of these authors resort to conceptual analysis: what really are fitness and

selection? What do they stand for? With a certain interpretation of these concepts, they

go on to argue that a supposed manipulation should (or should not) affect evolution, and

thus that the concepts must be (un)causal.

This, to say the least, is a very peculiar move. In the manipulationist framework, the

outcome of a possible intervention is not determined by the meaning of variables, but their

relationships. Woodward’s following example (Woodward, 2003, p. 197) makes it clear. It

is known that the period T of a simple pendulum is related to its length l by

T = 2π
√

l/g (3.1)

where g is the acceleration due to gravity. It seems natural to read this equation causally

to the effect that the right hand side (the length and gravity) determines or “causes” the

left hand side (the period), until we find that Eqn. 3.1 is mathematically equivalent to the
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following:

l =
T 2g

4π2
. (3.2)

Now it is obviously absurd to claim, based on this new equation, that the period T causes

the length l of the pendulum. What determines the (il)legitimacy of the causal reading of

each equation? Surely not the meaning of the variables, for they stay the same between the

two equations.

The moral of this simple example is not only that the conceptual analysis is utterly

irrelevant to the investigation of the causal nature of some concept under the manipulationist

framework. Sober (2013), in his recent paper, resorts to the breeder’s equation (1.3) to make

his case that the fitness variation, measured by the term S in the right hand side, affects

the response to selection in the left hand side. But this begs the question. How do we

know the breeder’s equation correctly captures the causal flow? Why isn’t it like Eqn. 3.2,

rather than 3.1?1 We never know, until the causal relationships among the variables are

explicitly specified beforehand. This is done by a causal model, which also determines a set

of equations that allow for causal reading (Chap. 2; Spirtes et al., 2000; Pearl, 2000). It is

the causal model given by the Newtonian mechanics that authorizes the causal reading of

Eqn. 3.1, but not of Eqn. 3.2. In the same way, if we want to know the effect of intervening

on some variable in an evolutionary formula, we need the causal model underlying that

equation. Hence the second contention — whether fitness or selection causes evolution —

hinges on the first: is there a causal model underlying evolutionary transition functions?

The answer is yes. This chapter describes causal models that (i) include the relevant

variables such as genetic, phenotypic, and environmental factors, (ii) generate the statistics

necessary to describe and predict evolutionary trajectories, and (iii) can be used to predict

1In the breeder’s equation the evolutionary response cannot precede fitness variance, and hence cannot
be its cause. But they may be effects of a common cause, or, as statisticalists may argue, the relation may
be “purely statistical.” In fact, we will later see that, pace Sober, a manipulation of the fitness variance does

not affect the expected evolutionary response predicted by the breeder’s equation.
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the consequence of a possible intervention on a subset of these variables. The derived

models will reveal the causal foundations underlying the evolutionary transition functions,

and help us determining whether fitness and selection can be properly regarded as causes

of evolutionary change.

3.2 CAUSAL DECOMPOSITION OF THE PRICE EQUA-

TION

In evolutionary genetics, it is well known that a change in moments (e.g., the mean) of

a population from one generation to next is completely described by the so-called Price

equation, which was independently proposed by Robertson (1966) and Price (1970). The

Price equation gives an evolutionary change in terms of statistical facts about the popula-

tion, such as covariances and mean values of traits and fitness. A remarkable feature of this

equation is that it is a mathematical theorem derived from a few simple assumptions (see

Appendix for detail). As such, it applies to whatever entities that satisfy the assumptions,

regardless of underlying mechanisms such as mode of reproduction.

Let Z be the trait of interest, W be the (Darwinian) fitness defined by the number of

offspring, and Z ′ be the average phenotype of offspring of each individual. Thus if George,

who reproduces asexually, has four children each having the phenotypic value of 1, 1, 1, and

2, then wGeorge = 4 and z′George = (1 + 1 + 1 + 2)/4 = 1.25. The Price equation gives the

difference ∆Z of mean phenotypic values between the parental generation and the offspring

generation by

∆Z =
1

W
Cov(W,Z ′) + Z

′
− Z. (3.3)

Note that this gives an evolutionary transition function for the phenotypic mean of a pop-
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ulation after one cycle of selection and reproduction. The first term of the equation is

the covariance of fitness and the averaged offspring phenotype scaled by the reciprocal of

the mean fitness, and thus reflects both selection and reproduction. The second and third

terms, in contrast, give the difference of the mean phenotypic values between parents and

their offspring, regardless of the fitness of the parents. Nonzero value of this term, therefore,

implies a transmission bias.2 In what follows I will assume transmission bias to be absent

unless otherwise mentioned, in which cases evolutionary dynamics is described just by the

first term.3

Before moving on, let us emphasize the variables appearing in the Price equation, in-

cluding fitness W, are all properties of an individual (or of an pair of individuals for diploid

organisms, as we will see later). Alternatively the concept of fitness is sometimes used to

refer to a property of types, e.g., phenotype, genotype, haplotype, or an allele. Such type-

level fitnesses are called marginal fitness and represented by the conditional distribution

P (W |T = t) or its mean for a given type t. But the “fitness” in this thesis is primarily

a property of an individual.4 The Price equation thus gives population change ∆Z as a

statistical function of these individual variables.

A remarkable feature of the Price equation is that it is a mathematical theorem and

thus holds true of any evolving population. This has motivated the view that the core

evolutionary principles are a priori truths (e.g., Sober, 1993, p. 72) and at the same time

generated the philosophical puzzle as to how such non-empirical theorems can represent

causal processes in the real world. Indeed, Price’s theorem does not tell us how the variables

2This bias, however, may also arise from selection at lower levels or nongenetic inheritance. See Chapter
6.

3Note that the application of the Price theorem is not limited to the mean; by applying it to higher powers
of a phenotype, one can calculate changes in higher moments as well, say variance, skewness, kurtosis, etc.
Hence provided that the trait distribution can be specified by its moments, the Price equation completely
describes the distributional change of a character between two generations (see Rice, 2004, pp. 174–6).

4Some statisticalists (e.g., Pigliucci and Kaplan, 2006) seem to interpret fitness to be a population level
feature, i.e., as a random variable or the expectation thereof defined over a set of populations, but no such
use of the concept is warranted by the evolutionary literature. See De Jong (1994) for a discussion of various
concepts of fitness.
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in the equation affect each other or what will happen if one of them is altered by some

external means — or in other words, it does not explain why evolution takes place in that

way. As we noted before, answering these questions requires an appropriate causal model

beyond a mere mathematical equation.

The goal of this section is to find such causal foundations for evolutionary change rep-

resented by the Price equation. Our basic strategy is as follows: build causal models (i.e.,

specify causal graphs and structural equations) representing evolutionary processes and

then show that such models indeed generate the Price covariance, Cov(W,Z ′). This will

give us evolutionary state transition functions with definite causal bases which describe

evolutionary changes in terms of parameters of the hypothesized causal models. I will show

this for phenotypic evolution first, and then consider the population genetics model.

3.2.1 UNIVARIATE QUANTITATIVE GENETICS MODEL

THE CAUSAL GRAPH

Evolution by natural selection involves two phases: selection and reproduction. Let us take

reproduction first. Reproduction is a process that links parental and offspring’s phenotype

through genes or epigenetic materials. Thus a causal model for reproduction must specify

how a phenotype is formed out of these factors and how they are transmitted from parents

to offspring. Obviously there are many possible reproductive structures, but here we confine

ourselves to a very simple case of purely Mendelian inheritance.

Suppose there are n different types of alleles segregating in a population.5 Then the geno-

type of an organism is characterized by a set (vector) of n variables X := (X1,X2, . . . ,Xn),

where Xi ∈ X is the gene content, i.e., the count of copies of the ith allele type in an

individual (Lynch and Walsh, 1998, p. 65). For a haploid organism the value xi of Xi for

5In standard treatments these n allele types are partitioned into a set of loci. The partition becomes
necessary in order to distinguish two types of genetic interactions, dominance and epistasis. But here we
ignore this because the breeder’s equation does not consider either form of nonlinear genetic interactions.
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any i can be either 0 or 1, while for diploids xi ∈ {0, 1, 2}.

Parental phenotype Z is made out of these genes as well as an environmental factor

denoted by EZ . We thus have edges drawn from EZ and each of X to Z. A parent also

affects its offspring’s genotype by transmitting its genes: this process is represented by the

causal edge from parental to offspring gene contents, Xi → X ′
i, for each i. Finally we assume

the same developmental process for offspring phenotype, Z ′ being caused by X′ and E′
Z .

The above construction gives the causal graph for reproduction as shown in Fig. 3.1 (the

path coefficients in the graph will be explained shortly). The graph, however, makes further

assumptions not mentioned above. First, bidirected edges between parental genes represent

genetic correlations already present in the population. Such correlations can arise in two

ways: gene counts of the same locus are necessarily correlated for they must sum up to the

ploidy of the organism, while inter-locus correlations, often called linkage disequilibrium or

gametic phase disequilibrium arise due to various factors including previous selection, drift,

or non-random mating.6 In contrast, it is assumed that environment EZ is not correlated

with any genes, as implied by the absence of bidirected edges between X ∈ X and EZ .

The graph also presupposes that parental environment EZ has no causal influence on, or

correlation with, offspring environment E′
Z . Finally, transmission is strictly Mendelian

in the sense that each gene is inherited independently without affecting the transmission

process of other genes — this excludes segregation distortion.

Selection refers to the process in which parental phenotypes lead to differential repro-

ductive success. We say trait Z is selected if and only if it, along with an environmental

factor denoted by EW , causally affects fitness W (e.g., Glymour, 2011).7 This means that

in order for Z to be selected there must be some intervention on Z, at least as a possibility,

that changes fitness W . Selection can thus be represented in Fig. 3.1 by adding edges

6These empirical covariances can be seen as a dependency due to a selection bias.
7I will discuss in Section 5.1 why selection must be defined as a causal process, not just a statistical

dependence.
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Figure 3.1: Linear (additive) decomposition of the covariance between parental and offspring traits.
Bold arrows illustrate an example of a trek connecting Z and Z′, whose contribution to the covariance
is αi Cov(Xi, Xj) ·

1

2
· αj . See the main text for the explanation of the variables.

Z →W and EW → W .

A slight complication arises, however, for diploid organisms that do not produce offspring

by themselves but only by a pair. It follows that the proper unit for analyzing diploid

evolution is a pair of a female and a male. For a given pair let us denote the phenotypes of

the female and the male by ZF and ZM , and their gene contents by XF , XM , respectively.

Fitness W of the pair is the number of offspring produced by that pair, and has ZF and

ZM (and EW ) as its direct causes. Likewise, Z ′ and X′ are redefined to be the average

phenotypic value and the gene contents of offspring of that pair.

With these modifications, the overall causal graph that incorporates selection and re-

production of diploid organisms should look like Fig. 3.2, where each branch in the middle

(the mother and the father) is an abbreviated representation of the reproductive causal

model represented in Fig. 3.1. As before, this graph introduces additional assumptions.

First, the environment factors affecting fitness (EWM
and EWF

) must be uncorrelated with

phenotypes or genotypes, as implied by the absence of edges between them. Another as-
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Figure 3.2: The causal graph showing the connections between parental fitness W and offspring trait Z′.
Boldface letters denote multiple nodes or coefficients, e.g., XM := (XM1

, XM2
, . . . , XMn

), and each side
abbreviates the structure shown in Fig. 3.1. Environmental factors for phenotypes EZM

, EZF
and E′

Z are
omitted from the graph.

sumption is random mating: nonrandom mating would introduce bidirected edges between

corresponding elements in XM and XF in the graph.

Although minimal and even simplistic, Figs. 3.1 and 3.2 submit a biologically reasonable

hypothesis of the causal structure underlying selection and reproduction. It specifies causal

links among relevant variables in such a way that we can identify which part of the system

would be affected if some of them are manipulated by an external means. It is not yet clear,

however, how this causal structure over individual organisms relates to the population

changes as described by evolutionary transition functions. To see this relation we need to

quantify each causal relationship appearing in the graph, the task to which we now turn.

STRUCTURAL EQUATIONS

Compared to the causal graph, there is much less, if any, a priori reason for determining

the functional form for a given causal relationship. How a cause contributes to its effects

is largely an empirical matter that depends on their nature and circumstance. As a first

approximation, however, I assume in this paper that every cause acts additively. This
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means that selection is purely directional and there is no dominance or epistasis. Nonlinear

structural equations are possible in theory but complicate the mathematical derivation,

and most importantly to our purpose, are outside the scope of the standard equations of

evolutionary genetics mentioned above, providing causal structures of which is the primary

goal of this chapter.

In linear/directional selection, a unit change in the phenotype affects the fitness by the

amount specified by the path coefficient β, so that

W = βZ + EW . (3.4)

We further assume the selection pressures to be the same for male and female, i.e., ZF and

ZM have the same path coefficient with respect to W .

For a structural equation for the genotype-phenotype mapping we assume each allele

Xi linearly affects the phenotype by coefficient αi, i.e.,

Z =
∑

Xi∈X

αiXi + EZ

= αXT + EZ (3.5)

where α = (α1, α2, . . . , αn) and T denotes matrix transpose. αi is called the additive effect

and measures the change in the phenotype induced by adding one copy of the ith allele, say

from Xi = 0 to Xi = 1 (Fisher, 1930, p. 31). It is assumed that additive effects are the same

for all individuals in the population. Hence Eqn. 3.5 characterizes the genotype-phenotype

mapping of females, males, and offspring.

Under diploid Mendelian inheritance (e.g., no segregation distortion), every gene in a

parent has a half chance to get inherited. Hence the structural equation representing the
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genetic transmission is simply

X′ =
1

2
X. (3.6)

Equations 3.4, 3.5, and 3.6 constitute the structural equations corresponding to the

causal graph Figs. 3.1 and 3.2, as indicated by the path coefficients on edges. Together

with the graphs they tell us how a unit alternation in any variable in the model brings about

changes in other parts — that is, they allow predictions of effects resulting from a possible

intervention. This completes the description of a causal model for a single quantitative

trait.

THE BREEDER’S EQUATION

The final step employs the trek rule to obtain evolutionary transition functions based on the

causal model as defined above. According to the trek rule the Price covariance Cov(W,Z ′)

is given by the sum of trek coefficients between W and Z ′. From Figs. 3.1 and 3.2 each

trek connecting W and Z ′ has the form either of W ← Z ← Xi → X ′
i → Z ′ or of

W ← Z ← Xi ↔ Xj → X ′
j → Z ′, the trek coefficient of each being βαi Cov(Xi,Xj)

1
2 αj

for Xi,Xj ∈ X. Summing all these treks for each side of the two parents yields

∆Z =
1

W
Cov(W,Z ′)

=
2

W
β

∑

Xi∈X

∑

Xj∈X

αi Cov(Xi,Xj)
1

2
αj

=
1

W
βαVar(X)αT (3.7)

where Var(X) is the covariances of gene contents and is a function of population genetic

frequencies. Hence Eqn. 3.7 relates phenotypic change to causal parameters (β and α) as

well as a distributional feature of the exogenous variables (Var(X)) — or in other words,

gives a causal underpinning of evolutionary change.
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The same model also reveals the causal basis of the standard formula of quantitative

genetics, the breeder’s equation (1.3). To see this let us first derive the additive genetic

variance, σ2
A, which is defined as the part of the phenotypic variance due to the additive

effects of gene contents X. Since the variance is nothing but the covariance of a variable

with itself, we can apply the trek rule to calculate this value. Noting in Fig. 3.1 all

treks connecting Z to itself have the form Z ← Xi ↔ Xj → Z with the trek coefficient

αi Cov(Xi,Xj)αj , the additive genetic variance for Z is

σ2
A(Z) =

∑

Xi∈X

∑

Xj∈X

αi Cov(Xi,Xj)αj

= αVar(X)αT. (3.8)

Plugging this into Eqn. 3.7 yields

∆Z =
1

W
βσ2

A (3.9)

From standard regression theory the least squares estimate of linear coefficient β is Cov(W,Z)/Var(Z).

Defining the relative fitness W̃ := W/W , we get

∆Z =
1

W

Cov(W,Z)

Var(Z)
σ2

A

= Cov(W̃ , Z)
σ2

A

Var(Z)

= Sh2 (3.10)

where S := Cov(W̃ , Z) is the selection differential and h2 := σ2
A/Var(Z) is the (narrow-

sense) heritability. The breeder’s equation (1.3, 3.10), therefore, is an estimate of the linear

evolutionary response generated by the causal structure in Figures 3.1 and 3.2. In other

words, the graph and model specified above give the causal foundation of both the Price
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covariance and the breeder’s equation.

3.2.2 MULTIVARIATE QUANTITATIVE GENETICS MODEL

The above model focuses on evolution of a single character. In most cases, however, fit-

ness would be influenced by multiple traits, which, in turn, are often interwoven through

shared genetic or developmental factors. Since these phenotypic characters evolve in con-

cert, selection on or evolution of one trait affecting another, the above univariate model

must be expanded to take into account the causal structure underlying multiple characters.

Suppose we are interested in the simultaneous evolution of m traits Z = (Z1, . . . , Zm)T.

The evolutionary response of each trait Zi ∈ Z is given by the same Price covariance,

∆Zi = Cov(W,Z ′
i)/W . Hence the overall response to selection can be described by a vec-

tor ∆Z = Cov(W,Z′)/W = (Cov(W,Z ′
1), . . . ,Cov(W,Z ′

m))T/W . Given this change, the

derivation of the multivariate model follows the same strategy as for the univariate model.

THE CAUSAL MODEL

In the multivariate model, each trait in Z is caused by gene contents X and contribute to

fitness W as in the trait in the univariate model. The causal graph including both selection

and reproduction thus looks like Fig. 3.3.

The structural equation for W (fitness function) under linear selection is

W =

m
∑

i

βiZi + EW

= βTZ + EW (3.11)

with β := (β1, . . . , βm)T, and the overall genotype-phenotype mapping is

Z = αX + E (3.12)
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Figure 3.3: A causal graph for the multivariate quantitative genetics model. The graph omits the envi-
ronmental influence on phenotypes, i.e., EZi

→ Zi, which do not contribute to adaptive response unless
parental environments cause or correlate with the offspring’s environments. Bold arrows illustrate one trek
connecting W and Z′

1, whose contribution to the covariance is β1α1i Cov(Xi, Xj) ·
1

2
· α1j .

where E = (E1, E2, . . . , Em)T is environmental factors for each trait, and α = (αT
1 ,αT

2 , . . . ,αT
m)T

is a matrix containing additive effects of genes X. In particular, αi is the vector of additive

effects for the ith trait. Finally, the genetic transmission is the same as in the univariate

model, namely X′ = 1
2X.

The evolutionary response of multivariate traits can thus be obtained from the causal

graph Fig. 3.3 and the structural equations defined above, keeping in mind that in diploid

organisms there are two such pathways, maternal and paternal, connecting the fitness and

offspring phenotypes, as illustrated in Fig. 3.2. In the combined graph, every trek connect-
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ing the parental fitness and offspring trait has the form W ← Zi ← Xj ↔ Xk → X ′
k → Z ′

l .

Under the same assumptions we had before for the univariate case, the trek rule gives the

covariance between W and Z ′
l as

Cov(W,Z ′
l) = 2

∑

i

∑

j

∑

k

βiαij Cov(Xj ,Xk)
1

2
αlk

=
∑

i

βiα
T
i Var(X)αl.

This gives the overall response to selection as

∆Z =
1

W
Cov(W,Z′)

=
1

W
αT(I ⊗Var(X))αβ, (3.13)

where I is the m×m identity matrix and ⊗ denotes the Kronecker product. Since α and β

are measures of causal effects and Var(X) is a covariance matrix of the exogenous variables,

Eqn. 3.13 describes an evolutionary change in terms of its underlying causal structure as

represented in Figs. 3.2 and 3.3. Or in other words, these graphs and models give a causal

foundation that generates the Price covariance — and thus an evolutionary change — of

multiple phenotypes.

LANDE’S EQUATION

The model defined above gives the causal foundation for the standard predictive formula

of multivariate evolution, the Lande equation (Chap. 1; Lande, 1979). To see this, let us

begin with deriving the multivariate version of the additive genetic variance, the G matrix,

which contains as its elements the (co)variances of traits due to additive genetic effects.

Again, the genetic covariance of a pair Zi, Zl is given by the treks connecting these two

phenotypes, each of which has the form Zi ← Xj ↔ Xk → X ′
k → Z ′

l in Fig. 3.3. Applying
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the trek rule yields

Gil =
∑

j

∑

k

αij Cov(Xj ,Xk) αlk

= αT
i Var(X)αl. (3.14)

Hence the G matrix is

G = αT(I⊗Var(X))α. (3.15)

Selection gradients β, on the other hand, is usually estimated by regressing the relative

fitness on the phenotypes such that β̂ := Cov(W̃ ,Z)Var(Z)−1. Plugging them into Eqn.

3.13 yields

∆Z = Gβ̂. (3.16)

Thus the causal model underlying the multivariate Price equation also provides the causal

basis for the Lande’s equation. In addition, in contrast to Lande (1979)’s original derivation

that assumes multivariate normality, the above derivation does not depend on any particular

form of distribution.

3.2.3 ONE-LOCUS POPULATION GENETICS MODEL

Finally let us apply the same method to build the causal model for the simple population

genetics model we saw in Chapter 1 (Eqn. 1.2). Let A and a be two alleles segregating at

one locus with the allelic frequencies p and 1 − p, respectively. Gene contents X1 and X2

then are counts of allele(s) of A and a in an organism. Let us define our “phenotype” Z to

be the frequency of allele A in one organism. Hence Z = X1/2 and its value can be either
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Figure 3.4: The causal graph for the one-locus population genetics system. Non-directed edges represent
mathematical relations (change of units). Variable X2 is omitted since the gene content of allele a does not
affect Zs.

0, 0.5, or 1. Noting the population frequency of allele A equals Z, its change is given by

the Price equation (Wade, 1985):

∆p = ∆Z =
1

W
Cov(W,Z ′). (3.17)

Here again we ignore the transmission bias assuming genes are passed to offspring directly.

The causal graph connecting the variables for a pair of organisms is shown in Fig. 3.4.

The non-directed edges in the graph represent the unit conversion between the gene counts

(X) and the gene frequencies (Z) in an individual. Since these two variables point to the

same thing, the causal flows remain undisrupted and the trek rule is still applicable. In the

graph there are only two treks connecting W and Z ′, i.e., W ← ZM −XM1 → X ′
1 → Z ′ and

W ← ZF −XF1 → X ′
1 → Z ′. Assuming selection acts on each sex equally, i.e., sF = sM ,
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the trek sum is

1

W
Cov(W,Z ′) =

1

4W
s Var(X1)

=
sp(1− p)

2W
(3.18)

where the second line follows from the fact that the variance of the multinomial random

variable X1 is 2p(1 − p). Under no dominance the mean fitness W is p2(1 + s) + 2p(1 −

p)(1 + s/2) + (1− p)2 = sp + 1, giving

∆p =
1

W
Cov(W,Z ′) =

sp(1− p)

2(sp + 1)
(3.19)

which accords with Eqn. 1.2. In general, plugging regression estimate ŝ = Cov(W,Z)/Var(Z)

into Eqn. 3.18 yields the standard one-locus population genetics model (Gillespie, 2004, p.

62):

∆p =
p(1− p)[p(wAA − wAa) + (1− p)(wAa − waa)]

W
(3.20)

where wAA, wAa, and waa are the fitnesses of individuals having genotypes AA, Aa, and aa,

respectively. State transition functions of population genetics can hence be derived from

the Price equation and the underlying causal model in the same fashion as in quantitative

genetics.

3.3 EVOLUTION AS A CAUSAL PROCESS

The causal decompositions of the Price covariance given above reveal the causal structures

underlying the evolutionary state transition functions and hence the evolutionary phenom-

ena they describe. Our causal models satisfy all three desiderata mentioned earlier: they
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relate relevant genetic, phenotypic, and environmental factors, give predictions of evolu-

tionary consequences, and can be used to estimate the effect of possible interventions on a

subset of the variables. In addition to providing the causal foundations, the philosophical

importance of defining the formal model is twofold. First, it tells us what selection must

be in order for it to yield evolutionary change. Second, the explicit definition of the causal

model makes it possible to evaluate what happens if some of its factors are altered — i.e.,

to determine whether fitness and/or selection cause evolution. These points are discussed

in turn.

3.3.1 SELECTION AS A CAUSAL PROCESS

All the causal models described above required a trait under selection to be a cause of fitness.

This favors the notion of selection as a causal process (Millstein, 2002, 2006; Stephens, 2004)

rather than a mere outcome (Matthen and Ariew, 2009; Matthen, 2010). The outcome

interpretation claims that selection is nothing but a statistical fact holding in a population,

such as the fitness variance or the fitness-trait covariance. At first sight such a view fits well

with the popular accounts of selection, including Richard Lewontin’s much cited summary

of Darwinian evolution. In a very influential paper, Lewontin (1970) summarized Darwin’s

argument for natural selection into three principles which jointly embody, according to

Lewontin, a sufficient condition for evolutionary change. These three principles are:

1. Phenotypic variation: different individuals in a population have different morpholo-

gies, physiologies, and behaviors.

2. Differential fitness: different phenotypes have different rates of survival and reproduc-

tion in different environments.

3. Heritability: there is a correlation between parents and offspring in the contribution

of each to future generations.

Lewontin holds evolution by selection ensues whenever these conditions are met.
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The statistical nature of Lewontin’s conditions is evident — they characterize adaptive

evolution in terms of variance and covariance of a population. In fact they nicely map

onto each component of the breeder’s equation ∆Z = Sh2 (Okasha, 2006, pp. 34–36).

By recalling the definitions of selection differential S = Cov(Z,W ) and regression β̂ =

Cov(W,Z)/Var(Z), the breeder’s equation reduces to

∆Z = Var(Z)β̂h2

where Var(Z), β̂ and h2 respectively correspond to Lewontin’s three items above, namely

the phenotypic variation, the associated differential fitness, and the heritability. Lewon-

tin’s conditions are thus qualitatively equivalent to the breeder’s equation, both concluding

adaptive evolution whenever these conditions are satisfied or nonzero.

Our causal model, however, reveals an inadequacy of the purely statistical interpretation

of adaptive evolution. To see this, imagine a situation where a trait does not cause fitness

but both are affected by some common cause (Fig. 3.5). Rausher (1992), for example,

considers a hypothetical plant population whose foliar alkaloid concentration (phenotype)

and seed production (fitness) are affected by the nitrate level of the soil environment (see

also Mauricio and Mojonniner, 1997; Morrissey et al., 2010, for similar discussions). The

environmental confounder in such a situation will generate a statistical association between

the trait and the fitness, so that Lewontin’s criteria are satisfied provided the trait is her-

itable. This also makes each component of the right hand side of the breeder’s equation

nonzero. Evolutionary response, however, does not ensue for there is no trek between W

and Z ′ and thus the Price covariance is zero.8

8Since Z in this graph is a collider on the unique path between W and Z′, they are d-separated and thus
unconditionally independent.

52



W Z Z ′

E

Figure 3.5: When the phenotype-fitness association is due only to a common cause, Cov(W,Z′) = 0 and no
evolutionary response follows. But even in such cases Lewontin’s three conditions are satisfied and (falsely)
conclude a nonzero evolutionary response. Note that the path W ← E → Z ← · · · → Z′ collides at Z and
is not a trek. The dashed bidirected arrow represents reproductive pathways.

This simple example warns against uncritical applications of the statistical criteria such

as Lewontin’s conditions or the breeder’s equation. These criteria are valid only when

the statistical associations in question are produced by the right kind of processes. The

correctness of evolutionary prediction is not warranted by statistical facts, but by the causal

structure depicted in the previous section.9 This also reveals the inadequacy of the purely

statistical interpretation of selection. Interpreting selection as a mere outcome (e.g., fitness-

trait covariance) is insufficient, since such a covariance, if induced by an external confounder,

does not lead to adaptive response. In order for it to have anything to do with evolutionary

change, selection must be defined as a causal process where trait affects fitness.

The importance of distinguishing the selection-as-process from its statistical outcome

cannot be emphasized too much. In a recent article Sober (2013) correctly observed that

differential trait fitness for Zi does not entail a selection for itself, but wrongly concluded

that it does entail a selection for some trait Zj that correlates with Zi. The latter claim

is unfounded, since the phenotype-fitness association may be purely spurious, and in such

cases there would be no evolutionary change. A mere statistical association between the

trait and fitness does not imply any form of adaptive response; only a selection-as-process

does.

9Note that the case advanced here is to be distinguished from other criticisms of Lewontin’s conditions,
such as the exact cancelation of selective force by other pathways (Wimsatt, 1980, 1981; Okasha, 2006) or
an incidental trait-fitness correlation in a small population (Brandon, 1990). Lewontin’s conditions may fail
even in an infinite population undergoing no opposing evolutionary forces.
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3.3.2 CAUSES OF EVOLUTIONARY CHANGE

Another philosophical puzzle concerning the causal nature of evolution is whether fit-

ness and/or selection can be regarded as a cause of evolutionary change (Millstein, 2006;

Stephens, 2004; Otsuka et al., 2011; Sober, 2013) or not (Matthen and Ariew, 2002, 2009;

Walsh et al., 2002; Walsh, 2007, 2010). The causal models provide a clear cut solution to

this entangled debate. Under the manipulationist account of causation, C is a cause of E if

there is some intervention on C that alters the distribution of E (Woodward, 2003). Hence

whether fitness causes evolution can be examined by calculating the effect on evolutionary

response ∆Z of an intervention on fitness W , by applying the standard intervention calculus

(Spirtes et al., 2000; Pearl, 2000) to the causal models defined above.

The post-intervention distribution can be represented by P (∆Z|do(W = w)) where do(•)

is Pearl’s intervention operator that sets the fitness value to w. This amounts to forcing

every individuals in the population to have a certain number of offspring by some external

means (e.g., by culling all cubs after the wth birth). Alternatively, one can think of partial

interventions that affect only some portion of the population. Assuming no individual gets

more than one intervention, the result of partial interventions is given by the weighted

average

P (∆Z|Ω) =

|Ω|
∑

i

ni

N
P (∆Z|do(ωi)) (3.21)

where Ω := {do(ω1), do(ω2), . . . } is a set of partial interventions, N is the population size

and ni is the number of individuals affected by do(ωi). The standard intervention captured

by Pearl’s do calculus is just a special case of Eqn. 3.21 where Ω is a singleton. Here we

consider only the standard ones. Our question thus amounts to whether P (∆Z|do(W =

w)) 6= P (∆Z|do(W = w′)) for some w 6= w′.

So does an intervention on fitness affect evolution? It depends on the types of inter-
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vention. An intervention in a causal model is usually represented as a modification of the

graph and/or the structural equations. Hard interventions eliminate all the causal inputs

to the target variables and impose a new set of values or distribution. In the graph Fig. 3.2,

this amounts to pruning all incoming arrows to fitness W . This effectively interrupts all the

treks between W and Z ′ so that the Price covariance becomes zero, yielding no evolution-

ary response. We thus conclude that hard interventions on W do not induce evolutionary

change. This should not surprise us, for it is just a population-level restatement of Weis-

mann’s principle that no epigenetic surgery on parents would affect offspring phenotype.

One can easily check that under the standard model this holds true for any phenotype, i.e.,

P (∆Z|do(Zi = z)) = P (∆Z|do(Zi = z′)) for any hard intervention on Zi ∈ Z.

From another perspective, however, this may appear puzzling: isn’t artificial selection

conducted by breeders a mixture of partial hard interventions? And we know that their

efforts have considerably improved a number of phenotypes of economic importance, such

as milk yield of cows. In these planned breedings, however, the intervention is a function of

the phenotype — the breeder decides how many offspring an animal can have based on its

phenotype. This effectively creates a new causal path from Z to W , i.e., another selective

pressure which leads to adaptive response. But unless the process itself is determined by or

correlated with the phenotype, hard interventions do not affect evolutionary outcomes.

Not all interventions are hard. Soft interventions preserve some of the original causes

of the target variable but just modify its distribution, usually by adding another cause

(Eberhardt, 2007). For example, suppose we want to know whether students’ economic

situation influences their academic performance. For this purpose we may soft intervene

on their income, by way of some allowance or scholarship, and see how this affects their

exam scores. With respect to fitness, a soft intervention may be carried out through some

form of environmental scaffolding (e.g., additional food or provision of a nesting place)
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which is uncorrelated with the focal phenotype nor interferes with its effect on the fitness.

Such an independent additive intervention does not change the Price covariance, but does

affect evolutionary responses through the mean fitness W , the weighting factor in the Price

equation (3.3). If we boost fitness by additive factor α, the post-intervention mean fitness

becomes W ′ = W + α, which results in a slower response to selection. In general, additive

soft interventions on fitness conserve the direction but affect the rate of adaptive evolution.

Hence there are some interventions on fitness that cause evolution. But it is important

to note that not all interventions, even soft ones, on fitness induce population change. It has

sometimes been argued that what causes adaptive evolution is not fitness but its variance

(Sober, 2013). This claim, however, is not supported from the causal model. An external

intervention on the fitness variation may be carried out by adding some noise factor with

mean zero or by changing Var(EW ). In either way, such interventions will not affect the

Price covariance or the weighting factor 1/W , making no difference in the expected linear

response to selection. Hence contrary to Sober’s claim, the fitness variance does not cause

evolutionary change, at least in case of directional selection.10

Finally, let us consider whether selection causes evolution. Selection, as discussed above,

is a causal influence of the trait on fitness whose linear magnitude is measured by coefficient

β. This parameter, in turn, should depend on selective environments including biotic (e.g.,

prey abundance) as well as abiotic (e.g., temperature) factors (Wade and Kalisz, 1990).

Intervening on the selection-as-process thus amounts to a modification of these fitness-

related factors controlling β. Obviously, such interventions affect the Price covariance as

well as the mean fitness and thus make a difference in adaptive response. In general, we

10If selection is acting on higher moments, as in stabilizing or disruptive selection, the fitness variance
does matter to evolutionary change. Also in a finite population the magnitude of drift is a function of
the fitness variance. Sober’s argument, however, is entirely based on the linear adaptive response (i.e., the
breeder’s equation).
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have

P (∆Z|do(β)) 6= P (∆Z|do(β′))

for any β 6= β′. It thus follows that selection does cause evolution.

To sum up: there are some interventions, either on fitness or on selection, that affect

evolutionary response. Therefore pace statisticalists the causal model makes it clear that

fitness and selection do cause evolution. But not every intervention will do: hard interven-

tions on fitness or manipulations of the fitness variance usually do not induce linear adaptive

response. Let us emphasize that these conclusions were reached only through the aid of

the causal models underlying the evolutionary formulae. A well-defined causal model gives

an unequivocal answer to the question: “does X cause Y ?” Purely conceptual analyses or

interpretations of the putative cause, in contrast, never settle the issue.

3.4 DISCUSSION

In the history of evolutionary genetics, most of its celebrated principles have been formu-

lated in probabilistic terms. Fisher’s fundamental theorem of natural selection, the Price

equation, and Lewontin’s conditions for evolution by natural selection — they all character-

ize evolution in terms of statistical, but not causal, features of a population. This gave raise

to the philosophical puzzle as to whether evolution, described by these principles, is a causal

process. The puzzle divided philosophers into two camps, but both sides seem to have ac-

cepted the statistical formulae as given and even admitted that the fundamental principles

in evolutionary genetics are by nature non-causal or non-empirical. This presumption, how-

ever, is incorrect. As we have seen in this chapter these evolutionary principles are derived

from certain causal models, and in this sense not fundamental at all.11 What are really at

11I have already shown causal models for the Price equation and Lewinton’s conditions. The Fisher’s
fundamental theorem, which maintains that the change in fitness is equal to its additive genetic variance
(Fisher, 1930; Price, 1972; Ewens, 1989), immediately follows from replacing phenotype Z by fitness W in
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the base of population change are the causal processes generating these statistics, and such

causal relationships should be the principal study objective of evolutionary theory.

This result invites us to reconsider how to understand evolutionary theory in general.

According to the traditional philosophical view mentioned in Chapter 1 (Sober 1984; see

also Otsuka, unpublished), evolutionary biology consists of two parts, mathematical genetics

that studies a priori equations (i.e., “consequence laws”) governing evolutionary trends and

ecological or field biology that seek for empirical conditions and implementations (“source

laws”) of these equations. Such a conceptual division of labor is contrasted with the causal

framework advocated in this thesis. The causal models defined above indicate how knowl-

edges from different biological researches (selection, reproduction etc.) are integrated seam-

lessly into the study of evolution. This of course is not to deny the division of labor in

scientific practice — some researchers engage in building a model, others in estimating pa-

rameters of an existing model, yet others in using a fitted model to predict evolutionary

courses — but this does not entail conceptual difference in their study objectives. In par-

ticular there are no “laws” of different kinds — only causal relationships, and each subfield

studies different aspects of these relationships. In other words, evolutionary theory as a

discipline is unified by causal structures that underlie evolutionary processes, rather than

being an awkward patchwork of two conceptually distinct enterprises.

The unificatory power of the causal approach consists in its ability to integrate various

types of mechanisms into one formal framework for studying evolutionary dynamics. As

mentioned above, one strength of the causal model is its flexibility: one can easily relax

its causal assumptions or add other mechanisms. In this regard, the standard models de-

fined in this chapter can serve as bases for studying more complex evolutionary phenomena.

Examples of such “non-standard” evolutionary factors include development, epigenetic in-

heritance, and niche construction. The following chapters will discuss how these factors are

the univariate causal graph Fig. 3.1 and decomposing the Price covariance accordingly.
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incorporated into the standard causal models, and examine their evolutionary implications.
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PART II

EXTENDING THE STANDARD

FRAMEWORK
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The primary goal of Part 1 was to provide the causal foundations for the existing models of

population or quantitative genetics. To this aim I have reconstructed the state transition

functions or the laws of succession of these models from the underlying causal assumptions,

using the formal techniques introduced in Chapter 2. The causal reduction of the evolu-

tionary laws, I have argued, gives unequivocal answers to the philosophical disputes over

the causal nature of evolutionary theory and the causal efficacy of fitness or selection.

The standard models we have discussed so far have played the central role in modern

evolutionary genetics. In fact, they constitute the main body of the Modern Synthesis, the

dominant paradigm of the 20th century evolutionary theory laid out back in the 1930’s.

For a past couple of decades, however, this received view has been criticized by an increas-

ing number of researchers for its failure to incorporate or address complex evolutionary

mechanisms including genetic or environmental interactions, non-genetic inheritance, or

development (e.g., Pigliucci and Muller, 2010). Back in the 30’s, for example, genes repre-

sented the only source of parent-offspring resemblance; but the recent studies have reported

a wide variety of epigenetic inheritance where parents influence their offspring through non-

genetic pathways (e.g. Jablonka and Lamb, 2005). Another line of criticism was targeted

at the role of organisms in the traditional picture, where organisms were assumed to play

only a passive role to “fit” to the external environment through adaptive evolution. But

as is clear in beavers’ dams or moles’ nests, many organisms are active players of evolution

by changing or even creating the very selective environment they face (Lewontin, 1983b).

Such niche construction has been though to have considerable impacts on evolutionary fate

of populations (e.g., Laland et al., 2000).

These omissions are explicit in the causal models reconstructed in Chapter 3. In the

causal graphs we saw there, all treks between parental and offspring phenotypes went

through genes X, excluding the possibility of non-genetic transmission. Also the causal
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links between organisms and their environment were uni-directional, the environment (E

or EW ) affecting phenotypes Z and fitness W but not vice versa. Finally, developmental

relationships among phenotypes are barred from the model since traits were assumed to be

affected only by genes, but not by other traits expressed at earlier stages of life. Hence the

same approach that showed the causal underpinnings of modern genetics also points to its

limitations.

One advantage of explicitly defining a causal model is that it can easily accommodate

complex mechanisms by relaxing its assumptions. Part 2 of this thesis engages in this task

of extending the traditional genetics models under the causal framework. Chapter 4 and 5

deal with inter-phenotypic causal relationships, including development or life history. As is

evident in Fig. 3.3, the standard Lande equation does not allow direct causal interactions

between phenotypes, attributing any phenotypic associations to environmental or genetic

(pleiotropic) correlations. In multicellular organisms, however, most traits are products of

other traits as well as their own genetic components. Developmental pathways represent

networks of such inter-phenotypic causal influences over different life stages. How are these

causal interactions incorporated into the study of evolution? Two things must be done

for this. First, we must identify the nature of phenotypic associations, distinguishing direct

phenotypic interactions from genetic pleiotropy (i.e., confounding effects of common genetic

causes). This calls for a reliable method to empirically discover, estimate and test a causal

structure among traits, which will be the focus of Chapter 4. Given a causal hypothesis,

the next task is to relate it to evolutionary change: how does the phenotypic network

thus identified respond to selection? Since Lande’s equation falls short of incorporating

interconnected traits, we need a new equation that predicts evolutionary response of complex

phenotypic structures. This task of relating phenotypic causation to evolutionary changes

will be undertaken in Chapter 5.
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Chapter 6 discusses other types of “non-standard” mechanisms, such as epigenetic in-

heritance, maternal inheritance, niche construction, and nonlinear interactions. In contrast

to inter-phenotypic causal relations, mathematical models of these evolutionary phenom-

ena have been studied by various researchers (e.g., Kirkpatrick and Lande, 1989; Laland

et al., 1996; Odling-Smee et al., 1996; Tal et al., 2010). To my knowledge, however, no

attempt has been made to build a unified framework that encompasses all these individual

cases. The task of Chapter 6 is to build such a framework, showing these models can be

obtained by simple modifications of the standard causal models developed in Chapter 3.

Methodologically, this enables a systematic “translation” of any type of causal assumption

into evolutionary dynamics. Conceptually, the result encourages us to reconsider the notion

of “cause” in evolutionary biology. Ernst Mayr (1961) famously distinguished two notions

of cause used in biological sciences, namely proximate and ultimate causation, which he

claimed to be studied more or less separately and independently. The extended causal

models developed in Part 2, however, speak against such a division of labor in favor of a

more integrated view of biological sciences, where the study of “proximate” causes is closely

interconnected with and actually makes an essential part of the study of “ultimate” causes

of evolution.

Upon these remarks, the final chapter 7 presents a general account on the theoretical

structure of evolutionary theory, which integrates the state space model and the causal

model discussed in Chapter 2. The two-model representation serves both as a descriptive

meta-scientific account of evolutionary theory, elucidating how it represents and explains

evolutionary phenomena, as well as a normative prescription as to what the theory or a

model must to satisfy in order to achieve its epistemic goals.
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CHAPTER 4

MODELING PHENOTYPIC

CAUSATION

4.1 INTRODUCTION

The exploration in Chapter 3 made explicit the causal foundations of the standard quan-

titative genetics models, but it also brought our attention to their inability to account for

causal relationships among phenotypes. This forces the traditional approach to cast all

phenotypic networks, including life histories and ontogenetic processes, into a “black-box.”

The goal of the present chapter is to overcome this limitation of the standard model by

describing a theoretical framework to search and estimate phenotypic causal relationships.

The causal reconstruction in the previous chapter was based on the assumptions of

the simple genotype-phenotype mapping and the Mendelian inheritance, which determined

the genotypic causal structure a priori. No similar assumptions are available, however, in

modeling phenotypic causal relationships, for phenotypic organizations obviously differ from

organism to organism in such a way that it is meaningless to speak of the phenotypic causal

structure. We thus need to empirically build a model case-by-case. The gold standard of

verifying causal relationships is a manipulative experiment: to see whether A causes B,
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one can directly manipulate A and see if it changes B, barring the possibility that the

intervention process itself affects B. Performing such manipulative experiments, however,

is usually difficult or even impossible in natural populations. In most cases the best we can

hope for is a collection of measurements on a selected set of phenotypes. For this reason

biologists have developed various techniques to infer the causes of phenotypic integration

from observational data.

Most of the current studies on phenotypic organizations fall into either of two categories.

The first line of approach seeks the cause of phenotypic integration in the underlying ge-

netic architecture, i.e., a pattern of genetic associations such as linkage disequilibrium or

pleiotropic effects (e.g., Atchley, 1984; Riska, 1986; Arnold, 1992; Cheverud, 1996; Blows

and Hoffmann, 2005; Hansen, 2006; Hansen and Houle, 2008; Polly, 2008). In particular,

it is often hypothesized that pleiotropic genes are grouped into distinct modules which cre-

ate tight associations within specific subsets of phenotypes (Wagner and Altenberg, 1996).

Modules have been considered as primary causes of phenotypic integration, and a variety

of methods have been applied or developed to identify modular properties of the genetic

architecture from genetic as well as phenotypic correlations (e.g., Cheverud and Buikstra,

1981; Cheverud et al., 1983; Phillips and Arnold, 1999; Mezey et al., 2000; Magwene, 2001,

2008; Mitteroecker and Bookstein, 2007, 2008).

In contrast, the second approach sees phenotypic associations as a result of direct causal

relationships between phenotypes rather than of the underlying genetic structure. The

causal influence of one trait on another is usually estimated by using Sewall Wright’s method

of path analysis (Wright, 1920; Li, 1975; Lynch, 1988; Crespi and Bookstein, 1989; Mitchell-

Olds and Bergelson, 1990) or its modern analogue, structural equation modeling (Mitchell,

1992). Recently proposed aster models, although not interested in the estimation of causal

structures nor methodologically related to the path analysis, is based on the same assump-
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tion that ascribes all statistical associations among phenotypes to their direct interactions

(Geyer et al., 2007; Shaw et al., 2008; Shaw and Geyer, 2010).

Both approaches thus attributes causes of phenotypic integration either to the underly-

ing genetic associations or to inter-phenotypic causal relations, at the expense of the other

possibility. In reality, however, both factors may contribute to phenotypic integration at the

same time. For example, two consecutive stages of development or life history, say weights

after 10 days and 20 days of birth, may be associated by a shared set of pleiotropic genes as

well as a direct causal relationship between them (Cowley and Atchley, 1992). In such cases,

the above two methods give an incomplete and misleading picture regarding the true causes

of phenotypic integration. In addition to this problem, a certain causal structure called

collider may generate a systematic bias in estimation of causal relationships or selection

pressures, as we will see below.

To overcome these issues this chapter applies an alternative, constraint-based method

to discover and estimate causal relationships among phenotypes (Spirtes et al., 2000; Pearl,

2000). The constraint-based causal search exploits patterns of conditional independence to

construct a class of causal hypotheses consistent with observed statistical data. It has been

applied to ecology (Shipley, 2000) and breeding literature (Valente et al., 2010, 2011; Rosa

et al., 2011), but its implication to the study of evolution and relative significance vis-a-vis

other methods are not well documented. In view of filling this gap this chapter will, following

a brief description of the algorithm, illustrate it with Cheverud et al. (1983)’s classical study

on the genetic architecture of ontogenetic traits of rats, in order to re-examine the causal

hypothesis underlying their conclusion and to compare it with the one obtained from the

new method. In addition to reconstructing phenotypic causal structures, it will be discussed

that the algorithm can also be used in the study of selection to distinguish genuine selective

pressures from confounding, providing a promising alternative to the standard regression
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approach.

4.2 BACKGROUNDS

4.2.1 PCA AND FACTOR ANALYSIS

The majority of the studies of phenotypic integration is based on the Lande equation (Chap-

ter 3; Lande, 1979; Lande and Arnold, 1983)

∆Z̄ = Gβ

which describes adaptive evolution as a function of two distinct components, the additive

genetic covariance matrix G and selection gradients β. In particular, G encodes organisms’

genetic architecture and determines how the population responds to external selective pres-

sures. The standard approach to study the structure of G is singular value decomposition

or eigendecomposition (Blows, 2007; Walsh and Blows, 2009), which aims to explain the

covariation in the data with a few independent variables, called principal components in the

context of principal component analysis (PCA). Given a covariance or correlation matrix

G, its eigendecomposition gives

G = QΛQ−1 = QΛQT (4.1)

where the ith column of Q is the ith eigenvector and Λ is a diagonal matrix whose ith

diagonal element is the ith eigenvalue. Hence Eqn. 4.1 explains the (co)variations in the

original data by a set of eigenvectors which can be regarded as new “characters” that are

orthogonal to each other and whose contribution to G is measured by the corresponding

eigenvalues. In particular, by choosing major principal components associated with large
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eigenvalues one can approximate G with fewer dimensions.

W14 W28 W42 W56 W70 W189

Curve Height Curve Shape

Figure 4.1: A hypothesized causal structure underlying the interpretation of two principal components
given in Cheverud et al. (1983).

In applications to a genetic or phenotypic covariance matrix principal components are

often interpreted as suggesting genetic causes of phenotypic integration (Cheverud et al.,

1983; Phillips and Arnold, 1999). Cheverud et al. (1983), for example, found two major

principal components in two series of ontogenetic traits (log-transformed weights and tail

lengths at ages 14, 28, 42, 56, 70 and 189 days) of rats, which they identified with two groups

of pleiotropic genes with different causal roles, respectively regulating the height and the

shape of the growth curve (Fig. 4.1). Although such “reification” of principal components

is not justified by the method itself (Houle et al., 2002; Mezey and Houle, 2003), this line

of application can be considered as a simplified version of exploratory factor analysis where

nonsystematic error terms are ignored (Anderson, 2003). Factor analysis assumes observed

data x = (x1, x2, . . . , xp)
T to be generated by a set of m < p common latent factors a and

p measurement errors u such that

x = Ba + u (4.2)
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where p×m matrix B is factor loadings. It follows

Var(X−U) = BΦBT (4.3)

with Φ = Var(A). Let Λi,j be the diagonal matrix whose diagonal elements are the ith to

jth eigenvalues λi, . . . , λj of Var(X), and Qi,j be the matrix containing the corresponding

eigenvectors as its columns. Then

Var(X) = Q1,mΛ1,mQT
1,m + Qm+1,pΛm+1,pQ

T
m+1,p. (4.4)

If the first m principal components explain most of the variance in X and Var(U) is negli-

gible, Eqn. 4.3 can be approximated by

Var(X−U) ≈ Q1,mΛ1,mQT
1,m (4.5)

Thus provided the latent factors are independent (diagonal Φ) the principal components

associated with the m largest eigenvalues can be identified with the latent factors in Eqn.

4.2.

If Var(U) needs to be independently estimated and/or a less stringent assumption is

required, the model Eqn. 4.2 quickly becomes underdetermined and thus more constraints

must be introduced. Such constraints are tested by confirmatory factor analysis using

maximum likelihood (Anderson, 2003). In the biological literature, confirmatory factor

analysis has been used to test an a priori formed hypothesis of developmental modules, with

each latent factor being interpreted as a module binding a particular subset of phenotypes

(Zelditch, 1988; Mitteroecker and Bookstein, 2007, 2008).

Whichever strategy is taken, the underlying assumption of factor analysis or its ap-
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proximation by PCA is that all phenotypic correlations, after eliminating environmental

effects, arise solely from genetic associations acting as shared common causes. This, how-

ever, does not hold true of all phenotypic data. Especially with regard to Cheverud et

al.’s case presented above, one has every reason to suspect that age-specific phenotypes

are directly connected via causal relationships so that an effective intervention on a weight

at an earlier stage would affect the subsequent development. Such direct causal relations

among phenotypes run counter to the model’s assumption and will result in bad fits (in the

confirmatory use) or misleading outcomes (in the exploratory use). Addressing cases with

possible phenotypic causation thus requires an alternative method.

4.2.2 INDEPENDENCE GRAPHS

Magwene (2001) proposed another strategy for studying phenotypic integration that uses

independence graphs to visualize modular structures of development. The underlying idea

is that characters belonging to the same module should show a statistical dependence not

mediated by any other characters. Hence if the femur and tibia together form a “leg”

module, their measurements, such as respective lengths, should be correlated in such a way

that their dependence does not vanish by conditioning on, say, the skull length. According

to this idea the partial correlation between a pair of phenotypes indicates whether they

belong to the same module or not. This can be systematically checked with the inverted

covariance matrix or precision matrix, Ω = Var(Z)−1 for a set of measured phenotype Z.

Off-diagonal elements of the scaled precision matrix give the partial correlation coefficients

ρ, i.e.,

ρij =
−Ωij

(ΩiiΩjj)0.5
. (4.6)

An independence graph can then be created by drawing a link between a pair of variables

with a nonzero partial correlation. The linked variables are called adjacent. Densely con-
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nected subgraphs (called cliques) in the independence graph, therefore, are interpreted as

developmental modules.

The main difficulty of this approach is that the biological meaning of the “modules” thus

obtained is unclear. Magwene provides an informational interpretation, defining a module

as “a maximal subset of traits for which all pairs of traits within the subset are mutually

informative, conditional on all other traits under consideration” (Magwene, 2001, p. 1743).

However, it is not clear how this informational account maps onto the standard conception

of developmental module, which is causal by nature (Wagner and Altenberg, 1996). Indeed,

if modules are understood as shared sets of pleiotropic genes, as above, independence graphs

fail to identify nested or correlated modules, for correlations due to latent factors do not

vanish by conditioning on observed variables (Fig. 4.2 left). Furthermore, the proposed

method to construct independence graphs may give rise to a misleading picture, if two such

“pleiotropic modules” overlap at one or more trait(s). To illustrate, suppose two sets of

pleiotropic genes, G1 and G2 affecting {Z1, Z2} and {Z2, Z3}, respectively. Then Z2 on the

causal path Z1 ← G1 → Z2 ← G2 → Z3 forms a “collider”, conditioning on which creates

a statistical dependence between Z1 and Z3 (Fig. 4.2 right). That means ρ13 6= 0 and Z1

and Z3 are connected in the independence graph even though they do not share any genetic

cause. Therefore the informational account given by Magwene (2001) is not consistent with

the well-received concept of module as a distinct set of pleiotropic genes, and in the absence

of an alternative account the implication of independence graph to causes of phenotypic

integration remains unclear.

4.2.3 PATH ANALYSIS

One of the limitations of latent factor models discussed above is that they cannot deal with

direct causal relationships among phenotypes. Sewall Wright’s method of path coefficients
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Z1 Z2 Z3 Z4

G1 G2

Z1 Z2 Z3

G1 G2

Figure 4.2: Two problematic cases for the independence graph. Left: if pleiotropic “modules” G1 and G2

form a nested hierarchy or are correlated, phenotypes are correlated under any conditioning, i.e., ρZi,Zj 6= 0
for any i, j and the resulting independence map is fully connected. Right: when two modules overlap at
one trait Z2, Z2 forms a collider on the path between Z1 and Z3 (note that causal flows from G1 and G2

“collide” at Z2 such that G1 → Z2 ← G2). Conditioning on the collider creates a statistical dependence,
rather than independence, between the two end points of the path (Z1 and Z3). The independence graph
in this case is again fully connected.

(Wright, 1920, 1921, 1934, 1968) aims to estimate the causal effect of one trait on another

by repeated multiple regressions. In the descriptive use of path analysis, an existing or

hypothesized causal model is fitted to data to estimate path coefficients by the ordinary

least square (OLS) regression or maximum likelihood (Lynch and Arnold, 1988; Crespi and

Bookstein, 1989; Crespi, 1990; Mitchell, 1992; Scheiner et al., 2000; Roff and Fairbairn,

2011). In the standard OLS estimation, for example, each variable is regressed on its

supposed causes to obtain the corresponding path coefficients that measure the linear causal

dependence, i.e., the degree to which a unit change in a cause trait affects the focal trait.

Alternatively, path analysis has also been used to identify a phenotypic causal network in

cases where nothing or little is known or can be assumed about the true causal structure

(Mitchell-Olds and Bergelson, 1990). In such heuristic usages each variable is regressed not

on a predetermined subset but on the all remaining variables in the dataset, and pairs of

variables that have a nonzero regression coefficient are declared to be causally connected.

This procedure yields an undirected graph equivalent to the independence graph discussed

above. Undirected links in the graph can then be oriented by using the information of time

order.

Both usages of path analysis, however, have serious problems. The first problem is
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exactly opposite to that of the latent factor models: since path analysis attributes all

phenotypic associations to inter-phenotypic causal relationships, estimates of path coeffi-

cients are biased if phenotypes are confounded genetically (e.g., by linkage disequilibrium or

pleiotropy) or environmentally (by a shared environmental cause) (Kempthorne, 1978). To

obtain the unbiased estimation of path coefficients one must test for possible confounding,

which, however, is not within the scope of path analysis. An additional issue arises for

the heuristic use of path analysis from the collider structure discussed above. As noted,

conditioning on a collider creates a statistical dependence, rather than independence, be-

tween otherwise unassociated variables. Since partial regression coefficients in the heuristic

use are calculated conditioned on all the remaining variables in the dataset, the resulting

graph will contain a link between causally-unrelated traits if there is a collider in the true

causal structure. For example, in Fig. 4.3 the partial correlation between X2 and X3 is

nonzero because they become dependent given the collider at X4, even though they have no

direct relation. A better heuristic method for the discovery of causal structures should thus

account for colliders, in addition to the aforementioned problem of possible confounders.

(a) True graph (b) Independence graph

X1

X2 X3

X4

X1

X2 X3

X4

Figure 4.3: An example of a collider. (a) In this graph two edges X2 → X4 and X4 ← X3 collide at X4.
(b) Independence graph constructed from statistical data generated by (a). Conditioning on the collider
creates a statistical dependence between X2 and X3, which results in a misleading link between them.
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4.2.4 ASTER MODELS

There is yet another approach to model causal relations among phenotypes which was

recently proposed under the name of aster models (Geyer et al., 2007; Shaw et al., 2008;

Shaw and Geyer, 2010). In contrast to path analysis that aims to identify or estimate

phenotypic causal structures, the aster model is interested in using a hypothesized causal

structure in order to estimate a complex and often nonlinear fitness function. To that

end it assumes the organisms’ life history in a target population forms a specific causal

structure called a tree, where any life history event has at most one phenotypic cause

and an independent error term (Fig. 4.4). Provided that each causal link in the tree is

expressed as an exponential family, Geyer et al. (2007) showed the joint distribution is

also an exponential family which can then be used to estimate the fitness surface with a

generalized linear model.

Figure 4.4: An example of a tree causal structure used in aster models. The graph represents a hypothesized
causal structure for five life history traits (rows) over four years (column). Labels on edges denotes the
conditional distribution associated with an edge. Adopted from Shaw and Geyer (2010).

Crucial to this result is the causal assumption that the life history indeed has a tree

structure, and this means there is no genetic or environmental confounding of two or more

life history events. Without this assumption their factorization relation (Geyer et al., 2007,
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Eqn. 1) and thus the useful joint probability distribution in an exponential form do not

obtain. But this assumption is questionable especially for repeated measurements of the

same life history traits in different years or seasons, which often show a high repeatabilitiy

(correlation between measurements in different years/seasons of the same trait). In effect,

the causal graph in Fig. 4.4 entails no repeatability for any of the reproductive traits

(flowering, number of flowers, number of seeds, number germinate) analyzed by the model.

Since the repeatability gives an upper bound of the heritability (Falconer and Mackay,

1996), this effectively means that these traits will show no evolutionary response, even if

they undergo strong selection. Hence the aster model correctly estimates selection only

under the assumption that it changes nothing! Like path analysis, therefore, the use of

an aster model is contingent upon a reliable method for testing the causal hypothesis that

takes into account both phenotypic causation and genetic or environmental confounding.

4.3 METHODS

4.3.1 THE CONSTRAINT-BASED CAUSAL SEARCH

The above brief survey suggests the lack of a reliable method that distinguishes two sources

of phenotypic integration, namely phenotypic causation and genetic confounding. In this

regard a suite of recently developed causal search algorithms provides a promising alterna-

tive (Spirtes et al., 2000; Pearl, 2000). These algorithms use patterns of conditional inde-

pendence relationships among measured variables (which represent “constraints” on their

probability distribution) to infer causal connections among variables and the direction of

causal influence or the presence of a possible confounder.

Because causation and probability are different, the primal task of the causal search

algorithms is to bridge this gap. In Chapter 2 we saw that a causal structure expressed by a

DAG imposes on the corresponding probability distributions several constraints summarized
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by the Markov Condition and d-separation. Recall that for mutually exclusive sets of vertices

X,Y and Z, X and Y are d-separated by Z if and only if every sequence of edges s between

a node X ∈ X and a node Y ∈ Y contains either

1. a chain Vi → Vj → Vk or a fork Vi ← Vj → Vk such that Vj is in Z, or

2. an collider Vi → Vj ← Vk such that Vj is not in Z and such that no descendant of Vj

is in Z.

The d-separation entails conditional independence, such that

X ⊥d Y|Z⇒ X ⊥ Y|Z. (4.7)

The opposite direction does not hold in general. For example, if effects through multiple

paths cancel out each other two variables may be (conditionally) independent even if they

are d-connected. But if we could dismiss such cases of exact cancelation as unlikely,1

conditional independence does entail d-separation:

X ⊥ Y|Z⇒ X ⊥d Y|Z. (4.8)

This is called the faithfulness assumption. Probability distributions that satisfy this condi-

tion with respect to a given graph are called faithful to that graph.

These two relationships together guarantee that conditional independence relationships

reflect the topology of the true graph. Hence the search algorithms can use the former

information (which can be obtained from data) to infer the latter. More specifically, they

take as oracle a list of conditional independence relationships holding in observed data and

output a class of graphs that contains the true causal structure as its member, provided all

statistical decisions are made correctly. This procedure is divided into two subtasks: first it

creates an undirected graph that represents adjacency relationships among variables, and

1See Spirtes et al. (2000, pp. 41–2) for a formal rendering of this notion of unlikeliness.
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then orients undirected edges in that graph. Differences among individual algorithms lie in

additional assumptions they make and specific procedures used in each step.

The IC (Verma and Pearl, 1990; Pearl, 2000) and the PC (Spirtes and Glymour, 1990;

Spirtes et al., 2000) algorithms search for a causal structure under the assumption that

there are no hidden variables that affect more than one variables considered in the search,

or in other words, the assumption that there is no latent confounders. Such sets of variables

are called causally sufficient. Given a set V of observed variables, these algorithms perform

the following steps;

SEARCH ALGORITHM UNDER CAUSAL SUFFICIENCY

1. For each pair of variables X and Y , find a set of variables Sepset(X,Y ) (possibly

empty) such that X ⊥ Y |Sepset(X,Y ). Connect X and Y with an undirected edge

if and only if there is no such set.

2. For each triplet X,Z, Y such that X is adjacent to Z, Z is adjacent to Y , but X

is not adjacent to Y , orient X − Z − Y as X → Z ← Y if and only if Z is not in

Sepset(X,Y ). The resulting subgraph X → Z ← Y is called unshielded collider.

3. Orient the remaining undirected edge by the following rules:

(a) If there is a subgraph X → Y − Z with X and Z being non-adjacent, orient it

as X → Y → Z.

(b) If there is a directed path from X to Y and also an undirected edge between

them, orient the edge as X → Y .

The adjacency step (1) is based on the Markov Condition and the faithfulness assump-

tion (Eqns. 4.7 and 4.8) which jointly imply that, in a causally sufficient system, a pair

of variables are directly connected if and only if no set of variables can dissociate their

statistical dependence.
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The justification of step 2 comes from the nature of d-separation. Suppose we have a

subgraph X−Z−Y where X is not adjacent to Y . Then from above there is a Sepset(X,Y )

such that X ⊥ Y |Sepset(X,Y ). If Z ∈ Sepset(X,Y ), it leaves several possibilities: the

true graph may be either X ← Z ← Y , X ← Z → Y , or X → Z → Y . But if Z 6∈

Sepset(X,Y ) there is only one structure consistent with this, namely X → Z ← Y . Hence

unshielded colliders allow unambiguous orientation.

The final step of the algorithm then orients as many remaining undirected edges as

possible in a way that it does not create a new unshielded collier (3a) or a cycle (3b).

Fig. 4.5 illustrates an application of the IC/PC algorithm to the simple example we saw

above. It should be noted that, in contrast to the regression approach (Fig. 4.3), X2 and X3

are correctly diagnosed to be non-adjacent. Also, the unshielded collider in the true graph

allowed the algorithm to orient two edges X2 → X4 and X3 → X4. The directions of the

other two edges X1−X2 and X1−X3 are left unspecified, but from the construction of the

graph we know that X1 can not be a collider, for otherwise the path would have been fully

oriented by step 2. Hence the remaining possibilities are X2 ← X1 → X3, X2 → X1 → X3,

and X2 ← X1 ← X3. This may be combined with a prior knowledge to further limit possible

causal structures.

(a) True graph (b) IC/PC algorithm

X1

X2 X3

X4

X1

X2 X3

X4

Figure 4.5: Applying the IC/PC algorithm to the example in Fig. 4.3. Unshielded collider X2 → X4 ← X3

allows edge orientation around X4.
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4.3.2 SEARCH UNDER CAUSAL INSUFFICIENCY

The two algorithms described above assume causal sufficiency, i.e., that observed variables

under search are not confounded by any latent factor. Phenotypes, however, are most

likely affected by genetic or environmental correlations that act as latent confounders. A

successful application of the causal search algorithm on phenotypic data thus must take

into account this fact.

A straightforward strategy is to use an algorithm that does not require causal sufficiency

such as the FCI (Spirtes et al., 2000) or the IC∗ (Pearl, 2000) algorithm. Given an input

covariance matrix, these algorithms return a graph that summarizes a class of causal struc-

tures. One such graph is called a partial ancestor graph or PAG (Spirtes et al., 1995). In

addition to uni-directed edges, a PAG can have a bidirected edge “↔” which indicates the

presence of a latent confounder between the connected vertices. In addition, placeholder

mark “o” is used where the algorithm was not sure about the direction of causal influence.

Hence X◦→ Y in a PAG stands for either X → Y or X ↔ Y , meaning that the algorithm

detected the direct connection between them but was undetermined whether this is because

X causes Y or they are confounded.

To address possible latent confounders the procedures of the search algorithm described

above must be modified. In particular, the orientation steps (2 and 3) are replaced by a

new set of rules to deal with a various sort of edge directions.2 Since the complete set of

orientation rules is fairly involved, we here only describe modifications to the steps 2 and

3 of the above algorithm, which are sufficient for all the examples covered in this chapter.3

In so doing we use a meta-symbol “∗” to represent either of three endpoints, tail “–”, head

“>” or placeholder “o”.

2Causal insufficiency also affects the efficient adjacency search procedure employed by the PC algorithm.
A modified efficient search under causal insufficiency is implemented in the FCI algorithm.

3See Spirtes et al. (1995, 2000) for additional rules and also Zhang (2006) for the further improvement
as well as the completeness proof.
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SEARCH ALGORITHM UNDER CAUSAL INSUFFICIENCY

1′ Same as step 1 above.

2′ For each triplet X,Z, Y such that X is adjacent to Z, Z is adjacent to Y , but X is

not adjacent to Y , orient X ∗−∗ Z ∗−∗ Y as X∗→ Z ←∗Y if and only if Z is not in

Sepset(X,Y ).

3′ Orient the remaining undirected edge by the following rules:

(a) If there is a subgraph X∗→ Y ∗−∗Z with X and Z being non-adjacent, orient it

as X∗→ Y ∗→ Z.

(b) If there is a directed path from X to Y and also an edge X ∗−∗ Y between them,

orient the edge as X∗→ Y .

Fig. 4.6 illustrates a result of the FCI algorithm. The true causal structure is shown on

the left, with {X1,X2} and {X3,X4} being confounded by latent factors. When multiple

regression is applied to a probability distribution generated by this graph the partial re-

gression coefficient between any pair of variables is nonzero, resulting in a complete graph

(middle). In contrast, the FCI algorithm correctly recovers the adjacency relationships and

detects confounding between X3 and X4 (right).

(a) True graph (b) Independence graph (c) FCI

X1

X2 X3

X4

X1

X2 X3

X4

X1

X2 X3

X4

Figure 4.6: Applying the FCI algorithm to a causally insufficient system. (a) The true causal structure
with confounding. (b) The independence graph based on partial regression/correlation coefficients. (c)
The output of the FCI algorithm. Endpoint circles indicate where the algorithm could not determine the
direction of causal influence.
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4.3.3 CAUSAL SEARCH ON THE MIXED MODEL

An alternative approach was proposed by Valente et al. (2010) who combined the causal

search algorithm with the standard mixed model commonly used in the quantitative genetics

and breeding literatures. Confounding effects of genetic associations could be eliminated

from phenotypic records if we could control for the genotype. Of course genetic values

are usually unobservable and can not be directly conditioned on. Using the mixed model,

however, one can estimate the residual covariance matrix that does not include additive

genetic contributions. Hence provided all confounding effects come from additive genes,

this matrix solely reflects the causal structure at the level of phenotype and can be used as

an input to the IC or the PC algorithm.

The mixed model is the standard technique to estimate the variance components of

Fisher’s genetic model discussed in Chapter 3. Recall in the Fisherian model a phenotypic

value of trait Zi is given by

Zi =
∑

j

αijXj + Ei (4.9)

where αij is the additive genetic effect on trait i and Xj is the count of the jth allele, and

the sum is over all alleles in all loci. From the central limit theorem the sum of additive

genetic effects
∑

j αijXj is expected to be approximately normal, and it is assumed that

environmental effect Ei is also normally distributed. Letting Ui :=
∑

j αijXj , a set of k

traits Z = (Z1, . . . , Zk)
T can be expressed by

Z = U + E (4.10)
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with

U := (U1, . . . , Uk)
T ∼ N(0,G0), and

E := (E1, . . . , Ek)
T ∼ N(0,R0)

where G0 is the additive genetic covariance matrix equivalent to Lande’s G matrix (Chap.

4), and R0 is the covariances of the environmental or “residual” factors. The mixed model

estimates these covariance matrices, G0 and R0, using information about pedigree relation-

ships (Lynch and Walsh, 1998).

Now consider a case where traits are affected not only by genes and environmental

factors but also by other traits. Assuming linearity, we have

Z = ΛZ + U + E (4.11)

where Λ is a matrix of linear coefficients whose off-diagonal element λij (i 6= j ) represents

the path coefficient on the edge Zj → Zi and is zero if there is no edge. Provided I−Λ is

nonsingular, this can be written in the following “reduced form”

Z = (I−Λ)−1(U + E) (4.12)

which entails

Z ∼ N(0, (I −Λ)−1(G0 + R0)(I−Λ)−T). (4.13)

Hence in the presence of linear phenotypic causation the mixed model actually estimates

G∗ := (I − Λ)−1G0(I − Λ)−T and R∗ := (I − Λ)−1R0(I − Λ)−T as the genetic and envi-

ronmental (or residual) components of the phenotypic covariances, respectively. It follows
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from Eqn. 4.13 that conditional on genetic effects u phenotypes are distributed as

Z|u ∼ N(0, (I −Λ)−TR0(I−Λ)−1). (4.14)

Therefore the estimated residual covariance matrix from the mixed model amounts to the

phenotypic covariance matrix with all additive genetic effects statistically removed. This

matrix can then be used as an input to the causal search algorithms described above. More-

over, if environmental factors can be assumed to be independent (i.e., R0 is diagonal) Z|u

represents a causally sufficient system and thus the IC or the PC algorithms is applicable.

Based on these remarks, Valente et al. (2010) proposed the following procedure:

1. Use the standard mixed model to estimate R∗. This represents the phenotypic co-

variance matrix conditional on additive genetic effects.

2. Use the estimated residual covariance matrix R̂∗ as an input to the IC algorithm.

3. Undirected edges in the output graph are further oriented based on prior beliefs.

4. Fit the fully-oriented causal model to estimate its parameters, i.e., G0, R0 and Λ.4

This approach may be particularly useful under pervasive genetic associations which

may “mask” phenotypic causal relationships to be discovered by the FCI algorithm. In

other situations with no or little genetic confounding, estimating all genetic parameters

as well as path coefficients may unnecessarily inflate the variance of estimators. Another

obvious restriction of Valente and Rosa’s approach is that it requires an appropriate breeding

experiment. One advisable strategy is thus to apply the FCI algorithm to phenotypic data

first and then to the estimated residual matrix, if available, so that one can hopefully clarify

unspecificities left by the former with the output of the latter. The next section compares

these two methods with an actual dataset.

4For the parameter estimation of linear structural equation models see Gianola and Sorensen (2004).
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4.4 RESULTS

4.4.1 INFERRING A DEVELOPMENTAL STRUCTURE

In their classical study on the genetic architecture of ontogenetic processes, Cheverud

et al. (1983) reported the phenotypic, additive genetic, maternal and residual correla-

tion matrices of log-transformed weights and tail lengths of rats at ages 14, 28, 42, 56,

70 and 189 days. To illustrate the causal search algorithms described above, here we

apply the FCI algorithm in the TETRAD software version 4.3.10-7 (downloadable from

http://www.phil.cmu.edu/projects/tetrad/) to their phenotypic and residual correla-

tion matrices. The information about time order among variables was also used to restrict

possible directions of causal flow. Only the weight measurements are discussed here, but

the tail lengths showed a similar pattern.

W14

W28

W42

W56

W70

W189

W14

W28

W42

W56

W70

W189

Figure 4.7: The outputs of the FCI algorithm applied to the phenotypic correlation matrix (left) and the
residual matrix (right) reported in Cheverud et al. (1983). Fisher’s z with 95% significance level was used
to determine conditional independence.

Fig. 4.7 (left) is the output graph of the FCI algorithm applied to the phenotypic

correlation matrix of the six weight measurements. From this we see age-specific weights

are connected via an almost sequential causal pathway. It should be noted that uni-directed
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edges with no placeholder mark in the graph are free from confounding, e.g., W28 → W42

guarantees that these two traits are not confounded by genetic, maternal, or environmental

effects. Since otherwise W28 forms both a collider on the path W14◦→ W28 ↔ W42 and a

noncollider on the path W14◦→W28 →W42. This would have made W14 and W42 dependent

conditionally on any set and thus adjacent in the algorithm’s output, which, however, is

not the case in Fig. 4.7.

In contrast, the algorithm left inconclusive the orientation of two edges, W14◦→ W28

and W70◦→W189. In particular the substructure over W56,W70 and W189 is consistent with

at least two different possibilities: (1) W56 directly causes W189 and W70 causes W189 or

they are confounded; or (2) W70 causes W189 and at the same time they are confounded. To

further explore this point the causal search was reapplied to the residual correlation matrix,

which gave a completely sequential pathway shown in Fig. 4.7 (right). Since this graph

reflects phenotypic causal relationships (and possible environmental confounding) but no

additive genetic association (Valente et al., 2010), we can thus conclude that the edge from

W56 to W189 indicates genetic confounding between W70 and W189 rather than a direct

causal relationship.

The above reanalysis presents a radically different picture from that given by Cheverud

et al. (1983), who proposed two major pleiotropic components that respectively affect the

height and the shape of the growth curve (Fig. 4.1). Such global pleiotropy would have

generated unresolvable statistical associations among all the traits and yielded a fully con-

nected graph, but the observed pattern of conditional independence does not support this

hypothesis. In fact, variances in the intercept and shape of the growth curve that led the

authors of the original study to conclude two independent modules may be a byproduct

of the sequential causal structure, since genes for upstream traits determine the intercept

of a growth curve whereas those for downstream mainly affect its slope/shape (Fig. 4.8).

85



Genetic variances at different ontogenetic stages, therefore, may create illusory “principal

components” each associated with the curve height on the one hand and the shape on the

other.
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Figure 4.8: With a sequential causal pathway, positive genetic variances at earlier stages primarily affect
the height/intercept of growth curves (left), whereas those at later stages control their shape/slope (right).
Arrows denote amounts of genetic variance introduced at each ontogenetic stage.

Another observation made by Cheverud et al. (1983) is the decreasing levels of associ-

ation in all (phenotypic, genetic, maternal, and residual) correlation matrices: correlations

were highest between two consecutive ontogenetic stages, gradually decreasing as the inter-

val between measurements increases. They attributed this to canceling effects of the two

supposed modules. In contrast, the decreasing correlations are explained by our sequential

causal model as a natural consequence that an association between two traits gets weaker

as it is mediated by more links. Hence the new hypothesis suggested by the causal search

algorithm is not only consistent with the data but also explains several features in the

observed statistical pattern.

4.4.2 IDENTIFYING SELECTIVE PRESSURES

The causal search algorithm finds another application in the study of selection. The stan-

dard approach to measure selective pressures is multiple regression of fitness on phenotypes
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(Lande and Arnold, 1983). It is well known, however, that the OLS estimate β̂ of se-

lection gradients may be biased by the presence of an unconditioned genetic, phenotypic

or environmental confounder (Mitchell-Olds and Shaw, 1987; Rausher, 1992; Mauricio and

Mojonniner, 1997; Morrissey et al., 2010). For example, if there is an unmeasured environ-

mental factor X affecting phenotype Z1 and fitness W , regressing W on Z1 yields a nonzero

β̂1 even if there is no selection. Less known is that such confounding “contaminates” the

estimated selection gradient of any trait that affects Z1 or shares genetic or environmental

common causes with Z1. Let Z2 be such a trait. Then Z1 forms a collider on the path

between W and Z2, conditioning on which creates a statistical dependence between them

(Fig. 4.9, the first and second rows). Hence a confounding factor on just one trait may

bias the entire estimates of selection gradients. Since only those components of the sta-

tistical association due to a trait’s direct causal contribution to fitness lead to adaptive

evolution (Chap. 3; Morrissey et al., 2010), such bias may seriously distort a prediction of

evolutionary response.

To circumvent this problem Rausher (1992) has proposed to regress fitness on genetic

values rather than traits themselves. The basic idea behind this approach is that the genetic

value of a trait constitutes a so-called instrumental variable that can be used to obtain an

unbiased estimate of the regression coefficient of the trait on fitness even though these

two are confounded by some latent factor. This technique, however, requires estimation of

breeding values for all individuals, which is often difficult or impossible in studies of a wild

population (but see Gienapp et al., 2006, for an example of such studies).

The causal search algorithms provide a far less demanding alternative. Since confound-

ing and direct causation give rise to different patterns of conditional independence, one can

use this fact to identify the origin of statistical association between a trait and fitness (Fig.

4.9, the third column). With the above example, in case Z1 and W are confounded, Z2
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and W are unconditionally independent but become dependent when Z1 is conditioned on

(hence S2 = 0 but β2 6= 0). But if Z1 indeed causes fitness the exactly opposite pattern hold:

an unconditional correlation between Z2 and W vanishes by conditioning on Z1 (S2 6= 0

but β2 = 0) . This difference, combined with the assumption that fitness cannot be a cause

of the phenotypes, enables step two of the FCI or IC∗ algorithm to orient edges around Z1.

Note that this use of the causal search algorithm requires just the same dataset as needed

for multiple regression, i.e., the covariance matrix of phenotypes and the fitness measure.

Upon determining a set of phenotypes contributing to fitness their selection gradients can

be estimated by regressing fitness just on the causative factors.

88



Truth Regression FCI Independence

C
on

fo
u
n
d
in

g

W

Z1Z2

W

Z1Z2

W

Z1Z2

W ⊥ Z2,
W 6⊥ Z2|Z1

C
on

fo
u
n
d
in

g

W

Z1Z2

W

Z1Z2

W

Z1Z2

W ⊥ Z2,
W 6⊥ Z2|Z1

S
el

ec
ti
on W

Z1Z2

W

Z1Z2

W

Z1Z2

W 6⊥ Z2,
W ⊥ Z2|Z1

Figure 4.9: Comparison of multiple regression and the FCI algorithm under different selective scenarios. Under confounding, multiple regression (the second
column) falsely concludes nonzero selection on both traits, if the confounded trait (Z1) is affected by or confounded with the other phenotype (the first and
second row, respectively). The FCI algorithm distinguishes these cases from genuine selection (the third row) based on the differential patterns of conditional
independence.
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4.5 DISCUSSION

Identifying the causes of phenotypic integration is a key to understanding evolution of

complex phenotypes. Putting aside external sources of phenotypic associations such as

common or correlated environmental factors that affect more than one trait, phenotypes

may be integrated internally by at least two means that are not mutually exclusive: genetic

association including pleiotropy and linkage disequilibrium, and phenotypic causation where

one trait directly affects another. These two are to be distinguished since the latter, but

not the former, has a directionality which produces different selection outcome (Chap. 6;

Cowley and Atchley, 1992).

Despite its conceptual importance, empirical methods to differentiate these two cases

have been lacking, due to the fact that a statistical association between two traits confounds

distinct causal sources (Kempthorne, 1978; Cowley and Atchley, 1992). Some clues to the

underlying causal structure may be obtained, however, when one turns to richer patterns of

conditional independence. The causal search algorithms presented in this chapter use such

patterns to infer causal structures from possibly confounded data. In a typical inference to

phenotypic architecture, these algorithms take a phenotypic covariance matrix as an input

and return a class of causal hypotheses consistent with the data. Alternatively, one may use

a residual covariance matrix estimated with an appropriate breeding design to statistically

eliminate genetic associations (Valente et al., 2010). We illustrated both approaches with

the data reported by Cheverud et al. (1983). Our reanalysis attributed most of phenotypic

associations to a sequential causal pathway connecting age-specific traits rather than to

global genetic associations such as pleiotropy or linkage disequilibrium, in contrast to the

suggestion made by the original authors.

Cheverud et al. (1983) have arrived at their conclusion via the principal component

analysis (PCA) on the additive genetic covariance matrix that yielded two principal com-
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ponents, which they in turn interpreted respectively to be factors for the height and shape

of growth curves. In another context, PCA has been used to detect commonality or differ-

ence in phenotypic organization among different populations (Phillips and Arnold, 1999).

The shared premise of these approaches is that principal components somehow encode

the causal structure underlying phenotypes. Such “reification” of principal components,

however, transgresses the original aim of the method, which by nature is a tool for data re-

duction. Singular value decomposition, of which PCA is a variant, summarizes the variation

in the data in a fewer orthogonal dimensions. Since response to selection is determined by

available genetic variance, the technique may provide a useful guide for predicting a short-

term evolutionary response and/or constraints thereof (Blows, 2007; Walsh and Blows,

2009). There is no guarantee, however, that obtained principal components map onto real

causal factors or have biologically meaningful interpretations. It has been reported that

principal components are poor indicators of the underlying causes in general and reliable

only in very limited cases (Houle et al., 2002; Mezey and Houle, 2003). To be used as a

guide to the underlying genetic architecture, therefore, such analyses must be supplemented

by or at least consistent with evidence or knowledge on the causal structure provided by

another means.

Another context in which the causal search proves useful is the identification of selective

pressure. A major issue of the standard regression approach to estimate selection gradients

is the bias caused by an unmeasured confounder. Although such confounding effects are

invisible in the statistical association between a phenotype and fitness, they may be detected

by looking at patterns of conditional independence among a larger set containing other

phenotypes. Note that this use of the algorithm does not assume direct causal relationships

among phenotypes. Indeed, in case all phenotypic correlations arise solely from genetic

associations such as pleiotropy or linkage disequilibrium, the algorithm can unequivocally
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discern direct causal relationships from confounding provided relevant statistical decisions

are made correctly (Fig. 4.9, second and third rows). Selectively regressing fitness on the

detected phenotypic causes then gives unbiased estimates of selection gradients that can be

used for predicting evolutionary response (Lande, 1979; Lande and Arnold, 1983).

The distinction between the two sources of phenotypic integration has evolutionary im-

plications as well. As observed by Wright (1935), adaptive evolution results from intertwined

and multi-step causal processes from genotype to fitness. In this respect the popular concept

of genotype-phenotype (GP) mapping is insufficient, for it forces the whole developmental

processes into the genotype/phenotype dichotomy, attributing the cause of phenotypic as-

sociaiton only to the genetic architecture (i.e., modules). Phenotypic integration, however,

arises not only from shared genes but also by direct interactions among phenotypes. Stud-

ies of adaptive evolution should thus benefit by including such phenotype-phenotype (PP)

mapping relations as well. In the next chapter, we will study how the presence of inter-

phenotypic causal relationships, identified and estimated by the methods discussed in this

chapter, affects the action of selection and adaptive response of populations.
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CHAPTER 5

CAUSAL BASES OF ADAPTIVE

EVOLUTION

It is the harmonious adjustment of all of the characteristics of the organism that
is the object of selection, not the separate material ‘characters’ — Wright (1935)

5.1 INTRODUCTION

The previous chapter discussed causal bases of phenotypic integration — genetic pleiotropy

and inter-phenotypic causation — and proposed some methods to infer these causal rela-

tionships from observational data. One natural question that follows from these results is

how all these causal relationships relate to evolution. As Wright noted, natural selection

acts not on separate atomic characters but on the ensemble of intertwined phenotypes.

Based on the result of the previous chapter, this chapter studies the action and outcome of

selection acting on such “harmonious adjustments.”

The first section focuses on the action of selection, asking how causal relationships

among phenotypes alter the form of fitness function and thus the way selection acts on

phenotypes. A causal network “propagates” selective pressures so that traits embedded

in such a network may be selected indirectly as well as directly. In addition, selective
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pressures may accumulate as they are propagated through a causal pathway. These effects

bring several implications on the role of developmental structures in adaptive evolution,

including a possible explanation of the well-observed conservatism of early developmental

stages, the phenomena called generative entrenchment (Wimsatt and Schank, 1988).

The second section studies how the selective pressures, modified through the phenotypic

causal network, induce evolutionary change between generations. This is achieved by ex-

tending the standard Lande equation (Chap. 3; Lande, 1979; Lande and Arnold, 1983) to

account for causal relationships among phenotypes. The resulting equation gives a short-

term evolutionary change based on the causal as well as genetic parameters identified with

the methods described in the previous chapter.

The predictive model reveals not only adaptive response of a population but also the role

of developmental constraints on evolution. The goal of the third section is to understand

these constraints under inter-phenotypic causal networks. In contrast to the correlational

and symmetric notion of constraints encoded in the Lande equation or its G matrix, the

constraints imposed by phenotypic causal structures have a certain direction. We will see

how these asymmetric constraints influence an evolution of the G matrix as well as long-

term evolutionary dynamics. In particular, the evolutionary implications of constraints

depend on the nature of underlying causes. Through these remarks this chapter emphasizes

the necessity and importance of understanding phenotypic causal structures in the study of

both short-term and long-term evolution.

5.2 SELECTION ON CAUSALLY RELATED TRAITS

5.2.1 FITNESS FUNCTIONS

The study of selection is a study of causes of fitness. In Chapter 4 I have discussed some

applications of the causal search algorithms to discover traits contributing to (rather than
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just being correlated with) fitness. The next important task is to quantify the fitness

contribution from each causative factor. This is usually expressed with a fitness function,

which gives the fitness value as a function of its direct causes, W = f(PA(W )) = f ′(Z)

(Chap. 3).

The nature of selection depends on the form of fitness function. If it is linear, as those

we saw in Chapter 3, selection is purely directional, pushing the population unidirectionally

toward higher or lower phenotypic values. This form of selection only affects the mean

of the population. If, for example, a smaller body size gives an insect a better chance to

survive a storm, we expect the mean body size of the insect population to decrease after

the selective event.

Selection may also acts on higher moments, such as variance or skewness. Of particular

importance is selection acting on variance, since this type of selection — called quadratic

selection — is considered to be most common in nature. For example, stabilizing selection

favors intermediate phenotypic values and thus tend to decrease the phenotypic variance,

while the opposite, disruptive selection increases it.1 The fitness function for the quadratic

selection is

W = βTZ +
1

2
ZTγZ + EW (5.1)

where EW is the environmental factor independent of traits Z (Chap. 3), and vector β

and matrix γ are linear and quadratic selection gradients, respectively (Lande and Arnold,

1983). The linear selection gradients β represent the directional force of selection, mea-

suring the change in fitness associated with a unit change in each trait. The quadratic

selection gradients γ, in contrast, represent non-linear, quadratic effects of selection. This

is a symmetric matrix that determines the curvature of the fitness surface (Phillips and

Arnold, 1989). Its diagonal element, say γii, represents selection on the variance of trait

1Convexity and concavity of the fitness surface, however, are just necessary but not sufficient conditions
for stabilizing and disruptive selection, respectively. See Rice (2004).
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Zi, negative values of which penalizing individuals with extreme phenotypic values (thus

decreasing the phenotypic variance in the population), and vice versa. On the other hand

its off-diagonal element γi6=j measures correlational selection, where positive (negative) γij

implies selection favoring a positive (negative) association between Zi and Zj .

Standard fitness functions such as Eqn. 5.1 take into account only the direct causes of

fitness, PA(W ). This is fine as long as there is no causal relationship among phenotypes.

With inter-phenotypic causation, one trait may contribute to fitness indirectly through its

effects on other fitness-contributing traits as well as directly. Or from another perspective,

a selective pressure on one trait “propagates” itself over other traits through the phenotypic

causal network. To understand selection acting on causally related traits, we need to study

this propagation process as well.

As before, let us limit our focus to linear phenotypic causation. Under this condition a

set of k traits Z = (Z1, . . . , Zk)
T is expressed by the reduced form (Chap. 4)

Z = (I −Λ)−1(U + E)

= (I −Λ)−1Z0 (5.2)

where U := αX is genetic values of traits and Z0 := U + E denotes the components of

the phenotypes that do not include effects from other traits. Otherwise put, Z0i = Ui + Ei

indicates ways in which one can directly manipulate the value of Zi either by genetic (Ui)

or environmental (Ei) means, but not through other traits that are also causes of Zi. We

are interested in selection pressure on Z0 and in particular on U for they represent genetic

factors that directly control each trait. From Eqn. 5.1 and Eqn. 5.2 it follows

W = α + βT(I −Λ)−1Z0 +
1

2
ZT

0 (I−Λ)−Tγ(I−Λ)−1Z0

= α + β∗TZ0 +
1

2
ZT

0 γ∗Z0. (5.3)
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Hence β∗ := (I − Λ)−Tβ and γ∗ := (I − Λ)−Tγ(I − Λ)−1 measure selective pressures on

Z0, namely the total action of selection on traits propagated through the phenotypic causal

network.

The new selection gradients β∗ represent linear selection pressures propagated through

the causal relationships among phenotypes. Let us denote the ij entry of matrix (I−Λ)−T

by λ∗
ij . From the above definition the new linear selection gradient on the ith trait is

β∗
i =

k
∑

j=1

λ∗
ijβj . (5.4)

It is known that λ∗
ij represents the total effect of Zi on Zj , i.e., the net change in Zj that

follows from a unit intervention on Zi. Hence according to Eqn. 5.4 the linear selection

pressure on trait Zi after taking into account phenotypic causation is its total effect on the

fitness.

On the other hand, the ijth element of matrix γ∗ measures the quadratic selection

pressure on the pair of traits Zi and Zj under phenotypic causation. Similarly by definition,

γ∗
ij =

k
∑

p=1

k
∑

q=1

λ∗
ipλ

∗
jqγpq. (5.5)

Since γpq is the direct quadratic effect of the pair (Zp, Zq) on the fitness, we see that the

new quadratic selection gradient is equal to the total quadratic effect of a pair of traits on

the fitness.

Hence inter-phenotypic causation alters the form of selection by propagating selective

pressures. Let us illustrate this by contrasting two simple selective scenarios, which exhibit

the same quadratic selection on Z2 but differ in the phenotypic causal structure: in the first

scenario (hereafter “sequential” selection) Z1 is a developmental cause of Z2, whereas in

the second case (“branching” selection) the relationship is reversed so that Z1 is an effect
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of Z2 (Fig. 5.1).

Let us assume in both cases fitness is given by

W = α + βZ2 + γZ2
2 . (5.6)

Hence in terms of the linear and quadratic selection gradients (β,γ), which reflect only the

direct cause of fitness (Z2), the two cases appear exactly the same (Fig. 5.1, the third row).

The difference emerges when one also takes into account the phenotypic causal struc-

tures, which propagate the selective pressure differently. Recall the selective pressure on a

trait under inter-phenotypic causation is determined by its total, rather than direct, effect

on fitness. The two scenarios differ in the total fitness contributions β∗ and γ∗, especially

of Z1 (Fig. 5.1, the forth row). In the branching case, Z1 has no effect on fitness, either

direct or indirect, and thus undergoes no selective pressure. In contrast, the sequential

pathway Z1 → Z2 → W puts the root cause Z1 under selection as well. The nature of

this indirect selective pressure depends on the fitness function (Eqn. 5.6) as well as the

path coefficient between Z1 and Z2. In general, positive path coefficients put Z1 under the

selective pressure of the same form as that on Z2, whereas negative coefficients reverse the

direction and curvature (e.g., positive directional selection becomes negative, and stabiliz-

ing selection becomes disruptive). In addition, the causal influence of Z1 on Z2 induces

correlated selection, indicated by nonzero off-diagonal elements of γ∗, in such a way that if

γ < 0 and Z2 is under stabilizing selection, the same selection tends to dissociate the two

traits. An intuitive explanation of this is that stabilizing selection, penalizing individuals

with “extreme” phenotypes, favors those pairs of phenotypic values that cancel each other.

This suggests that stabilizing selection tends to promote genetic correlation in the way op-

posite to the sign of inter-phenotypic path coefficient, which, in the long run, may “loosen”

the phenotypic integration.
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Table 5.1: Comparison of two hypothetical selective scenarios, with the same fitness function (Eqn. 5.6)
but different phenotypic structures. In the “sequential” case Z1 is a cause of Z2 whereas in the “branching”
case it is an effect. This results in different selective regimes, as shown in β∗, γ∗ and the fitness landscapes
(lighter colors corresponding to higher fitness), while this difference is not visible from selection differentials
(S,C) or selection gradients (β, γ).
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Finally, note that this difference is not captured either by the linear or quadratic selection

differentials S and C, which measure the net changes in phenotypic means and covariance

after selection (Fig. 5.1, the second row). The selection differentials are determined by

the statistical association between a trait and fitness, regardless of the direction of causal

flows between them. Since Z1 and W are not d-separated in both cases, there are nonzero

correlation and thus net changes in Z1.
2 These shifts in phenotypic value, however, do not

imply a selective pressure on Z1 unless it actually causes fitness, which is the case only in

the sequential scenario (Fig. 5.1 left).

These impacts of phenotypic causal structures on the action of selection can be visu-

ally confirmed in the fitness landscapes (Fig. 5.1, bottom). The fitness contours for the

sequential selection is tilted, reflecting both the change in the direction of selection and the

negative correlational selection. Causal relationships among phenotypes, therefore, alter

the qualitative nature of selection.

5.2.2 THREE NOTIONS OF SELECTION

The above example contrasts three different measures of selection, selection differentials

(S,C), selection gradients (β,γ) and the total effect on fitness (β∗,γ∗), which may disagree

under the inter-phenotypic causation. But what exactly are they measuring? Here I take a

closer look at the conceptual differences among these three measures of selection.

The selection differentials (S,C) are the difference in the moments (mean, covariances)

of phenotypes before and after selection. Such distributional changes may arise for various

reasons: a trait may directly or indirectly causes fitness, or may be confounded with another

causative factor of fitness (which may be either another trait or an environmental factor).

In fact, the selection differentials just denote statistical associations between a trait and

2Or to borrow Sober (1984)’s expression, there is selection of Z1 in both scenarios, but selection for Z1

only in the sequential case. See the discussion below.
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fitness (e.g., Falconer and Mackay, 1996).3 From a causal perspective, therefore, a nonzero

selection differential tell us nothing further than the presence of a trek (Chap. 2) between the

trait and fitness. But as we saw in Chapter 3, selection must involve a causal contribution

of a trait to fitness in order for it to result in any adaptive response. Hence while the

selection differentials may suggest a possible selective process, they alone cannot be taken

as a measure of selection acting on phenotypes.

The selection gradients (β,γ), on the other hand, remove spurious correlation and fo-

cus on the direct fitness contribution of traits.4 They measure the fitness consequence of

changing the value of one trait but holding others fixed (Lande and Arnold, 1983). Fix-

ing other traits suppresses spurious correlations as well as indirect effects propagated via

inter-phenotypic causation, leaving just the trait’s direct effect on fitness. In Fig. 5.1, for

example, fixing Z2 blocks any effect of Z1 on fitness, making the selection gradient for Z1

to be zero.

When traits are directly linked to each other by phenotypic causal relationships, however,

such a point intervention can be unrealistic, for alternation at one trait will necessarily bring

changes in other parts. Recall the rat example discussed in the previous chapter (Cheverud

et al., 1983). If the sequential causal pathway identified by the causal search algorithm is

correct, it would be very difficult or even impossible to alter a rat’s weight at, say, age 14

days, without affecting its weight at subsequent ages at all. A more operative definition

of fitness contribution for such cases would be the total effect of a trait on fitness, which

measures the indirect as well as direct impacts on fitness of changing the value of one trait

(Eqn. 5.3).

3The linear selection differential is given by the covariance of the trait and fitness, S = Cov(Z, W ).
Likewise the quadratic selection differentials, C, are given by the covariances of fitness and the quadratic
form of phenotypes.

4In this chapter, I take selection gradients to be causal parameters that represent the strength of the
direct causal contributions of traits on fitness, rather than their statistical measures obtained, for example,
by multiple regression.
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Name
Relevant causal

relationship
Detects what

Selection differential

(S,C)

Trek between

trait and fitness

Selection of

a trait

Total fitness

effect (β∗, γ∗)

Directed path from

trait to fitness

Direct and indirect

selection for a trait

Selection gradient

(β, γ)

Direct edge from

trait to fitness

Direct selection

for a trait

Table 5.2: Different notions of selection with corresponding causal structures.

But, one may argue, why we should be concerned with an operative definition? After all,

we are interested in evolution in natural environments. In this regard, whether we can alter

fitness in a particular way seems to be irrelevant. An answer to this objection is that, under

the presence of the inter-phenotypic network, the total fitness effect better represents the

way Nature works than the direct fitness contribution. Adaptive evolution requires genetic

variance, which eventually is supplied by mutation. Mutation thus represents an important

means through which Nature modifies organisms’ phenotype and fitness. And when one

trait is modified by such means Nature does not care to “hold the other traits fixed” —

rather she lets the rest of the system change accordingly through the causal relationships

among phenotypes.5 Hence under inter-phenotypic causal network the fitness consequence

of a phenotypic alternation by natural means — e.g., mutation — is better represented by

the total fitness effect of the modified trait than by its selection gradient.

These three measures of selection therefore capture different types of causal relation-

ships between fitness and phenotypes. Biologists and philosophers have characterized the

causal bases of selection in different ways. When evolutionary biologists (e.g., Lande and

Arnold, 1983) talks about direct and indirect selection, they are concerned whether a trait

5This, of course, does not preclude pleiotropic mutational effects. But there is no reason to expect such
effects always act to cancel the indirect effect due to inter-phenotypic causation.
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in question is directly causing the fitness (thus has nonzero β). When, on the other hand,

philosophers (e.g., Sober, 1984) distinguish between selection for and of a trait, they are

interested in whether the trait causes, either directly or indirectly, the fitness (thus has

nonzero β∗). These criteria characterize different aspects of the phenotype-fitness causal

relationships, and the three selection indices can be captured by combining them. Table

5.2 summarizes the these three indices of selection, the relevant causal structures, and the

conventional nomenclatures.

5.2.3 EVOLUTIONARY IMPLICATIONS

The above discussions distinguished three notions of selection based on their causal basis.

In particular, I emphasized that inter-phenotypic causation alters the form of selection by

introducing indirect selective forces mediated through other phenotypes. This will present

us a new way of looking at selection and evolutionary predictions that are not available

as long as we focus only on direct causes of fitness (selection gradients). Here I discuss

qualitative implications for evolution: a quantitative analysis of evolutionary response under

inter-phenotypic causation is given in the next section.

The idea that selective pressures are propagated via a causal network is not new. Clark

(1991), for example, studied mutation-selection balance for genes controlling enzymes on

linear metabolic pathways. Using the metabolic control theory (Kacser and Burns, 1973,

1981), he showed that a gaussian selection on the final outcome of the flux induces various

forms of correlated selection (i.e., epistasis) on two enzymes constituting the pathway. To

my knowledge this was one of the first quantitative studies that analyzed how a causal

network over phenotypes alters the form of selection.

In Clark’s model, enzymes form a simple sequential causal structure (Z1 → Z2 → W )

same as one in Fig. 5.1 (left), but the functional relationships connecting these enzymic
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activities, borrowed from the metabolic control theory, are highly nonlinear, which resulted

in complex fitness surfaces over the two enzymes (see Clark, 1991, Figs. 3 and 4). Our

simple example Fig. 5.1, however, shows that a nonlinear causal pathway is not a necessary

condition for epistatic fitness interactions. Correlational selection arise whenever traits are

embedded in a causal network whose outcome is under quadratic (stabilizing or disruptive)

selection. Given the ubiquity of quadratic selection on life history traits and the fact that

these traits are formed through a multi-step developmental pathway, our simple model sug-

gests epistatic fitness interaction to be norm, even though the causal pathways connecting

each trait may be approximately linear.

Another qualitative prediction from the above discussion concerns the theory of gen-

erative entrenchment, which claims that features formed in early development are more

conservative than those in later stages (Wimsatt and Schank, 1988). The conservatism of

earlier traits are expected since their modification or removal would disrupt subsequent de-

velopmental processes, resulting in a significant fitness loss. In the model we have discussed

in this chapter, this process can be explained in terms of the accumulation of stabilizing

selective pressure along a developmental sequence. Suppose, as a very simple example, that

trait Z1 causes Z2 with linear coefficient λ and that there is a stabilizing selection with

quadratic selection coefficients γ1 for Z1 and γ2 for Z2. Then from Eqn. 5.3 the total

stabilizing pressure on Z2 is γ2, whereas on Z1 it is γ1 +λ2γ2. Hence the effect of stabilizing

selection “accumulates” from the tip to upstream of the causal pathway. If these traits

are successive measurements of the same character at different ontogenetic stages, as the

weights of rats analyzed in Cheverud et al. (1983), then the unstandardized path coeffi-

cients λ are expected to be greater than one (otherwise the phenotype tends to “shrink”

during the development), which means that earlier developmental stages are subject to a

stronger stabilizing selection and hence difficult to change (Fig. 5.1, left). Our model thus
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confirms generative entrenchment, showing that a large modification to an ontogenetically

primitive trait that serves as a basis for later development is severely punished by a stronger

stabilizing selection.

The opposite result holds under disruptive selection, which favors extreme phenotypes.

Like stabilizing selection, the effect of disruptive selection also accumulates along a devel-

opmental sequence, resulting in a stronger disruptive selection in earlier stages (Fig. 5.1,

right). Disruptive selection is thought to increase phenotypic as well as genotypic diver-

sity which may eventually lead to sympatric speciation, as evidenced by the variety of bill

shapes of ground finches on the Galapagos Islands (Schluter et al., 1985). Our simple model

predicts reorganization of developmental processes in such cases may take place rapidly, and

even so with ontogenetically primitive traits which are otherwise deeply “entrenched.”

Z01

Z
02

Z01

Z
02

Figure 5.1: Visual representations of quadratic selection acting on two traits constituting the sequential
pathway Z1 → Z2. The path coefficient is fixed such that Z2 = 1.5Z1. Left: uniform stabilizing selection
(γ11, γ12, γ22) = (−1, 0,−1). Arrows are tilted horizontally, suggesting stronger stabilizing selection for Z1.
Right: uniform disruptive selection (γ11, γ12, γ22) = (1, 0, 1). As above, Z1 is more strongly selected than
its effect Z2.

Finally, let us consider evolutionary implications of the “branching” selection where trait

Z2 causes fitness W and another trait Z1 as a byproduct (Z1 ← Z2 → W , see Table 5.1).

Although there is no direct or indirect selection on Z1 in this case, there still is a selection

of that trait due to its correlation with Z2 (Sober, 1984). If this correlation is positive Z1

is dragged toward the same direction as Z2 in each generation. But since manipulating Z1
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does not affect fitness at all, any mutational change affecting Z1 alone passes unchecked

by selection, and thus can accumulate across generations. Such a “semi-neutral” evolution

of a byproduct character may result in an elevated phenotypic as well as genetic variance,

which then allows a rapid adaptive evolution when it comes under a new selection pressure.

Sewall Wright (1935) stressed that the real object of selection is “the harmonious ad-

justment of all of the characteristics of the organism,” rather than “the separate material

‘characters.’ ” The standard selection gradients conceptualize the selection in the latter

sense: focusing only on the direct causes of fitness, they measure how each trait affects

fitness independently of the phenotypic context in which it is embedded. The underlying

assumption here is the atomic notion of phenotype that each trait can be selected or altered

separately. When phenotypes are causally related to each other directly, however, such

atomic selection or modification makes less sense. The target of selection in such cases is

rather “the harmonious adjustment” or the network of phenotypes through which selec-

tive pressures propagate themselves. To capture this action of selection the present section

introduced the concept of total fitness effect and discussed its evolutionary implications.

We have seen that an inter-phenotypic network transforms the form of selection, inducing

fitness epistasis, generative entrenchment, or displacement. These predictions suggest the

importance of understanding the phenotypic causal network in the study of selection. In the

remaining sections, I consider how this network also affects short-term response to selection

as well as long-term adaptive evolution.

5.3 PREDICTING EVOLUTIONARY CHANGE

So far we have studied the form of selection acting on phenotypic causal networks. Now

we ask how such selection affects evolution, i.e., population change between generations.

As noted in the beginning of the thesis, evolutionary transition functions have played the
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central role in modern evolutionary theory. In Chapter 3 I have derived the standard

evolutionary equations, including the breeder’s equation and the Lande equation, from their

causal basis. These equations, however, cannot be used to describe or predict evolutionary

response to the kinds of selection discussed in this chapter, since their causal assumption

excludes the possibility of interactions among phenotypes (see Fig. 3.3). We now relax this

assumption and derive a predictive equation that incorporates phenotypic interactions. The

new equation will give an evolutionary change as a function not only of selective pressures

and genetic variances, but also of parameters for phenotypic causal relationships.

Recall that the Price equation gives a change in phenotypic means in terms of the

covariance between fitness and traits. Based on this fact in Chapter 3 I decomposed the

covariance part of the Price equation into causal pathways connecting the parental fitness

and offspring’s traits. The same strategy is employed here, but this time with less restricted

causal assumptions. Let us assume the same causal graph as Figs. 3.3 and 3.2, except that

now we allow causal links between any pair of phenotypes Z. It is assumed that parents and

offspring have the same phenotypic as well as genotypic causal structure. That is, Vi → Vj

if and only if V ′
i → V ′

j where Vi, Vj ∈ X ∪ Z and V ′
i , V ′

j ∈ X′ ∪ Z′. Path coefficients for the

edges connecting phenotypes are given by Λ, whose ij entry contains the path coefficient

on the edge Zj → Zi. Hence the structural equations for phenotypes are

Z = ΛZ + αX + E (5.7)

where α,X and E are, respectively, additive genetic effect, gene contents and independent

environmental effects, as before (see Chapter 3, Eqn. 3.12). We also assume the same linear

fitness function

W = βTZ, (5.8)
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as well as strict Mendelian gene transmission

X′ =
1

2
X. (5.9)

Given these assumptions, applying the trek rule to the Price covariance yields (see Appendix

for detail)

∆Z =
1

W
Cov(W,Z′)

=
1

W
(I −Λ)−1αT(I⊗Var(X))α(I −Λ)−Tβ

:=
1

W
(I −Λ)−1G0(I−Λ)−Tβ, (5.10)

where G0 := αT(I ⊗ Var(X))α is the portion of the phenotypic covariance due to genetic

association (i.e., excluding the association due to phenotypic causation. See Eqn. 4.13).

The main difference from the Lande equation (Eqn. 3.16) is that Eqn. 5.10 gives

evolutionary response as a function of path coefficients of phenotypic causal structures Λ,

as well as parameters for genetic effects G0 and selection β. To illustrate how the inter-

phenotypic causation figures in adaptive response, let us apply Eqn. 5.10 to our two simple

examples (Table 5.1). The expected response in the sequential selection (Z1 → Z2 →W ) is





∆Z1

∆Z2



 =
1

W





β2(λ21G011
+ G012

)

β2(λ
2
21G011

+ 2λ21G012
+ G022

)



 (5.11)

where G0ij
is the ij entry of the G0 matrix. In contrast, the response in the branching

selection (Z1 ← Z2 →W ) is





∆Z1

∆Z2



 =
1

W





β2(G012
+ λ12G022

)

β2G022



 (5.12)
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A brief comparison of Eqns. 5.11 and 5.12 suggests differential roles of causal relation-

ships in adaptive response. One noticeable pattern is that the evolution of the cause (Z1 in

Eqn. 5.11 and Z2 in Eqn. 5.12) is not constrained by its effect, but not vice versa. In Eqn.

5.11 the between-generation change of the cause trait, ∆Z1, is not affected by the genetic

variance of its effect G022, while the change of the effect trait ∆Z2 is a function of its cause

G011; this pattern is reversed in Eqn. 5.12. This asymmetric nature of constraints imposed

by phenotypic causal structures is further studied below.

5.4 CONSTRAINTS ON ADAPTIVE EVOLUTION

In the seminal paper entitled The Spandrels of San Marco and the Panglossian Paradigm:

A Critique of the Adaptationist Programme, Gould and Lewontin (1979) criticized evolu-

tionary biologists who uncritically believe the ability of selection to alter organismal forms.

Against the common brief of natural selection as a powerful optimizer that makes any species

“fit” to the surrounding environment, they claimed that adaptive processes can be largely

constrained by the developmental structure. If, for example, two traits are developmentally

linked, as body size and brain size in animals, selection cannot alter one in arbitrary way

without affecting the other.

In evolutionary genetics, constraints on adaptive evolution are usually expressed in terms

of variances or covariances. Selection on one trait may not lead to any evolutionary change

if there is no or little genetic variation, or conversely may cause adaptive responses in other

parts that are correlated with the focal trait. As we will see shortly, the Lande equation

contains quantitative measurements of such constraints in the form of the genetic covariance

matrix or the G matrix (Lande, 1979; Arnold, 1992; Walsh and Blows, 2009). The G matrix

tells us the extent to which two or more traits evolve together in response to linear selection.

Phenotypic causal structures, however, induce another type of constraints not well captured
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by the G matrix. In particular, since causal relationships are not symmetrical, constraints

now have direction — for example, effects in general have more degree of evolutionary

freedom than their causes, as suggested by the above example. This section examines

how this kind of asymmetrical constraints arise from causal structures, and assesses its

implications for long-term evolution.

5.4.1 VARIETIES OF CONSTRAINTS

As mentioned above, evolutionary response ∆Z is not solely determined by selective pres-

sures but also affected by phenotypic and genetic structures. This is because if two or more

traits are associated to each other, selection on one of them necessarily affects the other(s).

An association between traits may arise from various sources and can be expressed differ-

ently. First, the phenotypic correlation measures a statistical association between two traits.

They are produced by varieties of ways, for example, when two traits are affected by the

same environmental or genetic factor. The genetic correlation is used to denote only those

components of the phenotypic correlation caused by genetic means, or more narrowly by

additive genetic effects. This includes effects of pleiotropic genes or linkage disequilibrium.

A phenotypic association may also arise when there is a direct causal relationship between

traits. For example, two consecutive ontogenetic stages are associated in the sense that a

modification in the first would result in some change in the second. Finally, one can think of

a logical connection between two traits, e.g., when one trait entails the other by definition.

Different measurement scales (metric, inches, etc.) of the same trait, say height, give one

such example. This gives the strongest association but is not considered here.

The types of associations listed above correspond to different levels of constraints. At

the shallowest level, a phenotypic correlation constrains selection in just one generation.

The within-generation shift in the phenotypic means between before and after selection is
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given by selection differential S = Pβ, where P is the phenotypic covariance matrix. Hence

the linear change in trait j is

Sj = Pjjβj +
∑

i6=j

Pijβj . (5.13)

The second term shows that the within-generation change is affected by selection pressures

on other traits mediated through the phenotypic covariances.

Not all changes observed in one generation, however, carry over to the next generation.

As Lande’s equation ∆Z = Gβ shows, only those underpinned by the genetic basis, i.e.,

genetic correlation, constrain the between-generation evolutionary change. The response to

selection in trait j after selection and reproduction is

∆Zj = Gjjβj +
∑

i6=j

Gijβj . (5.14)

Again the second term indicates effects from other traits, which affect the between-generation

change of trait j only if there is a non-zero genetic correlation.

The G matrix has been the standard approach to study constraints on the short-term

adaptive evolution (Arnold, 1983, 1992; Blows, 2007; Cheverud, 1984; Hansen et al., 2003;

Hansen and Houle, 2008; Houle, 2010; Walsh and Blows, 2009). Its validity for studying the

long-term evolution, however, has been controversial (Brodie and McGlothlin, 2007; Pigli-

ucci, 2006; Pigliucci and Kaplan, 2006; Turelli, 1988). The main concern of the skeptics is

that the genetic covariance structure changes through evolution, and thus the estimation of

the constraints from the G matrix at one time does not give a good indicator of a long-term

evolutionary trajectory. The hardest part of the problem is that the evolution of the G ma-

trix depends on the allelic distribution, which in most cases is unknown to us. So although

we know that the G matrix constrains evolution, we don’t know how it changes through

time, making a long-term prediction difficult. Our current knowledge on the (un)stability
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of the G matrix, therefore, mainly comes from simulation studies (Björklund, 2004; Jones

et al., 2003, 2004; Kotiaho, 2007). Although they provide some interesting findings, their

relevance to actual populations remain unclear unless we can make a correspondence be-

tween the parameters used in the simulations and the real values. Lacking such a mapping,

we still don’t have a means to study a long-term evolution of real populations.

5.4.2 CAUSES OF CONSTRAINTS

This difficulty can be mitigated if we examine the causal structure underlying phenotype.

As said above, the reason we cannot track changes in the G matrix is that we mostly don’t

know the genetic architecture. Knowledge about causal relationships between phenotypes

gives partial information of the underlying genetic architecture and a hint as to how the

G matrix changes through time. When one trait affects another, a portion of the genetic

variance of the cause is converted to that of the effect, introducing an additional genetic

variance as well as covariance. Hence by specifying the causal structure among phenotypes,

one can study the effect of a local change in genetic variance on the overall G matrix.

To see this, consider multivariate response of genetic components, U = Z0 − E. Their

genetic covariance is G0 (see Chap. 4) and from Eqn. 5.3 the linear selection gradients on

U is β∗ = (I − Λ)−T. Since by definition there is no direct causal relationships among U

their response is given by the standard Lande equation as

W∆U = G0β
∗ = G0(I−Λ)−Tβ. (5.15)

Combining this with Eqn. 5.10 gives

∆Z = ∆U + Λ∆Z. (5.16)

112



For a recursive model without feedback (i.e., if Λ is lower-triangular) it follows

∆Zi = ∆Xi +
∑

j

λij∆Zj

=
∑

j

G0ij
β∗

j +
∑

Zj∈PA(Zi)

λij∆Zj. (5.17)

Eqn. 5.17 distinguishes two components in the linear response of a trait: the change in

its own genetic components (the first term) and the influences from its causal parents (the

second term) which provides additional genetic resources for the adaptive response of trait

i. This allows traits on the causal downstream to keep evolving even if its own genetic

variance is eliminated, e.g., by selection. It also means that the evolutionary response of

traits on the upstream always affect that of their causal descendants, and thus are more

constrained. This is consistent with the theory of generative entrenchment that predicts

conservatism of earlier stages of development (Sec. 5.2.3).

In addition to variances, a phenotypic causal relation also generates genetic covariance

between two traits. Recall the G matrix is related to the phenotypic and genetic structures

by G = (I−Λ)−1G0(I −Λ)−T where G0 = Var(U) represents the covariance structure of

the genetic components. Letting (I−Λ)−T = Λ∗ as before, the genetic covariance between

traits i and j is

Gij =
∑

k

∑

l

G0kl
λ∗

kiλ
∗
lj . (5.18)

As we have seen before, λ∗
ki represents the total effect of trait k on trait i. Eqn. 5.18

thus shows that the genetic covariance between two traits is determined by the genetic

(co)variances of their causes, but not by those of their effects.

The effects of inter-phenotypic causation on evolutionary processes can be visualized

through the eigenstructure of the G matrix, which encodes the direction and rate of adaptive
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Figure 5.2: Two ellipses describing eigenstructures
of genetic covariance matrices. (a) The ellipse paral-
lel to the character axes reflects no genetic associa-
tion or constraints, but its flattened shape indicates
the rate of evolution is greater along trait Z1. (b)
The upward-tilting indicates a positive genetic co-
variance so that the evolutionary response of one
trait is affected by the other. Adapted from Arnold
et al. (2001, Fig. 4)

Figure 5.3: The eigenstructure of the G matrix
determines evolutionary trajectories on the fitness
landscape. Evolution is not constrained when the
axes of an ellipse are alined with the axes of the land-
scape (a, b). Otherwise, an evolutionary trajectory
does not follow the shortest path to the optimum
and thus is constrained (c). Adapted from Arnold
et al. (2001, Fig. 5)

responses (Chap, 4; Arnold et al., 2001; Blows, 2007; Walsh and Blows, 2009). In bivariate

evolution, the eigenvectors/values of a G matrix form an ellipse on a two dimensional

phenotypic space (Fig. 5.2). The orientation of the ellipse reflects the genetic covariance

between the two traits. If the axes are parallel to the character axes, there is no genetic

covariance and the two traits can evolve independently. Otherwise, the response of one trait

affects the other in proportion to the tilting of the ellipse. The shape of the ellipse, on the

other hand, represents the amount of genetic variance associated with each direction and

determines the rate of evolution, so that adaptive evolution is most facilitated along the

major axis of the ellipse (Fig. 5.3, a and b).

Series of eigenstructures shown in Fig. 5.4 illustrate effects of changing genetic values

on the overall shape of the G matrix under two different phenotypic causal structures.
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The ellipses represent the eigenstructure of G matrices over two traits Z1 and Z3. Each

row corresponds to one of two causal structures: in the top row Z1 causes Z3 through an

intermediate trait Z2 (i.e., Z1 → Z2 → Z3), whereas in the bottom Z2 is a common cause of

Z1 and Z3 (i.e., Z1 ← Z2 → Z3). Columns specify target variables whose genetic variance

is altered. Ellipses in each box are then drawn by substituting different values to the target

variable and calculating the G matrix with the corresponding causal structure.

Var(U1) Var(U2) Var(U3)

Z1
↓
Z2
↓
Z3

Z1
↑
Z2
↓
Z3

Figure 5.4: The ellipses represent eigenstructures of the G matrices obtained from different causal struc-
tures and genetic variances. The rows correspond to two different causal structures and the columns to three
target variables whose genetic variance is regulated. Each ellipse in a cell is then generated by setting the
variance of the target variable to {1, 0.5, 0.2} and then calculating the G matrix based on the corresponding
causal structure. Note that effects of interventions on eigenstructures depend on the causal structure.

The observed patterns of changes in ellipses visually summarize the above remarks.

When the two traits form the sequential pathway (top row), the genetic variance of the

source Var(U1) determines the overall shape of the G matrix (top left). This is because

genetic components of Z1 also contribute to other traits through the causal pathway — in

other words, every gene for Z1 has a pleiotropic effect on all other traits affected by Z1.

Hence the depletion of its variance leads to the reduction both in the genetic variance of

Z3 (shrinkage along the vertical axis) and in the covariance of Z1 and Z3 (less tilting). In

contrast, when the association between two traits is generated by a common cause (bottom

row), changing Var(U1) affects only Z1 (horizontal shrinkage). It is rather the variance of
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the common cause Var(U2) that controls the global shape. In particular, as it decreases the

ellipse approaches to a circle, allowing more independent evolutionary responses for Z1 and

Z3.

These results give an important moral for the study of constraints on a long-term adap-

tive evolution. As mentioned above, the eigenstructure of the G matrix represents the

rate and direction with which a population responds to a given selective pressure. For this

reason the ellipse or ellipsoid described by the eigenstructure of the G matrix is often used

to predict evolutionary trajectories on the fitness landscape (e.g., Arnold et al., 2001. See

also Fig. 5.3). Such macro-scale predictions, however, assume the constant shape and ori-

entation of the ellipse throughout the course of evolution. In reality, however, continuous

selection alters allelic distributions and thus the shape of the G matrix. As we have seen,

this process is largely dependent on the causal structure among phenotypes, which can not

be inferred from the G matrix alone. Suppose the G matrix estimated from a certain popu-

lation looks like the tilted ellipse in Fig. 5.2 (b), with a positive genetic constraint between

two traits under study. Its implication for macro evolution, however, is still contingent

upon the underlying causal structure. If they are directly related in such a way that one

causes the other the constraint will persist until the depletion of the genetic variance of

the cause trait, at which point it completely ceases to respond to selection. If, in contrast,

their genetic covariance is due to a common cause, it is expected that its genetic variance

decreases in the long run and the two traits will then be able to evolve independently. To

identify the constraints on a long-term adaptive evolution, therefore, the G matrix must be

supplemented with the information about the phenotypic causal structure.

116



5.4.3 THE NATURE OF CONSTRAINTS

The study on evolutionary constraints has gathered a particular attention after Gould and

Lewontin (1979)’s criticism of the adaptationist program. At the same time, their paper has

invoked lively discussions on its conceptual nature among philosophers as well as biologists.

While many biologists have tried to refine the concept and identify its impact on evolu-

tionary trajectories (e.g., Cheverud, 1984; Arnold, 1992; Polly, 2008; Pavlicev et al., 2009;

Walsh and Blows, 2009), their methodology and sometime the very concept of adaptive

constraints have been criticized by some philosophers (Matthen and Ariew, 2002; Pigliucci,

2006; Pigliucci and Kaplan, 2006).6

As an extreme example, Matthen and Ariew (2002) maintain that the chief contention

of Gould and Lewontin (1979) — that the developmental structure of an organism may

oppose or constrain the force of selection — is a conceptual nonsense. In order for two

forces or things to oppose each other, in their view, they must be able to operate or exist

independently. But this can’t be true of selection and development: every selection acts

only upon some developmental structure, hence “it makes no sense to think of natural

selection acting ‘on its own’ ”(Matthen and Ariew, 2002, p. 68). They thus conclude that

a developmental structure is far from an opposing force to selection but rather gives a

necessary condition or medium upon which selection acts.

Although it is true (even truism) that selection can act only upon some developmental

medium, it by no means follows that the latter cannot constrain the former, let alone that

the notion is a conceptual mistake. A wave can propagate only through some medium,

but not all substances are equal in their property as a medium: propagation is more rapid

and faithful, or less “constrained,” in solid or homogeneous media than in fluid or non-

homogeneous ones. Likewise, selection can act only on some developmental structure, but

6I thank Bruce Glymour for his suggestion leading to the following discussions.
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not all populations respond to it in the same way. Some populations evolve more rapidly or

faithfully to the direction and shape specified by the fitness function than others, in which

case adaptive evolution can be legitimately said to be less constrained. We have seen that

the nature of such constraints is determined by the causal structure underlying phenotypes.

Adaptive constraint, therefore, is a real phenomenon, and rooted in the causal properties

of an evolving population.

On the other hand, the results obtained in this chapter partially substantiate some

criticisms of the current methodology in the study of adaptive constraints (Pigliucci, 2006;

Pigliucci and Kaplan, 2006). These critics have raised several concerns with the use of

the G matrix as a tool to identify the nature of developmental constraints, most of which

stem from the fact that it by nature is a statistical summary of a variation. As such,

the G matrix does not reveal the underlying cause of constraints, and even if it makes

some prediction of evolutionary response its validity is very limited since the covariance

structure is transient and changes as the population evolves. My analysis concurs that

the information contained in the G matrix is insufficient — what matters to long-term

evolution is rather the causal structure that generates the variations. As we have seen,

causal relationships among phenotypes partly account for this generative structure, and

thus provide additional information to understand long-term evolutionary changes. This

information also gives quantitative predictions of changes in the genetic variations, partially

explaining the transient nature of the G matrix. Causal knowledge thus enables us to

evaluate how constraints themselves evolve in response to natural selection. For these

reasons, a study of macro evolution and its constraints must pay attention to the generative

mechanism of organismal forms, rather than just phenotypic or genetic correlations.
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5.5 CONCLUSION

Quantitative genetics has often been criticized for its “black-box” approach: it studies

phenotypic evolution without considering how the phenotypes develop out of genetic and

environmental resources. The traditional quantitative genetics approach represents the

developmental structure in terms of genetic correlations, but does not ask how these corre-

lations arise from the underlying causal structure. In this sense, the G matrix has served

as a black box that enabled geneticists to predict an evolutionary trajectory in the absence

of knowledge about development.

The previous chapter presented some attempts to open this black box: under certain

conditions, the causal discovery method can distinguish two sources of phenotypic integra-

tion, genetic pleiotropy and inter-phenotypic causation. The goal of the present chapter

was to relate this result to the study of evolution. The information about phenotypic causal

networks provides a new understanding of constraints on evolution, since causal relation-

ships, unlike correlations, are asymmetric. This asymmetry results in differential actions

of selection on developmental causes and their effects (developmental entrenchment or dis-

placement), and determines the nature of constraints and their diachronic change. The

inside of the developmental black box, therefore, proves crucial to understand adaptive

evolution, especially on long time scales.

The formal treatment of developmental evolution also sheds light on the conceptual na-

ture of evolutionary constraints. The take-home message of Gould and Lewontin’s Spandrel

paper was that developmental processes may constrain adaptive evolution. From our per-

spective, such constraints can be understood as properties of the causal structure underlying

organismal phenotypes that determine the way a population responds to selective pressures.

Since the resulting evolutionary outcome depends on the developmental medium, the lat-

ter effectively limits evolutionary possibilities. Hence despite the philosophical skeptics,
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evolutionary constraints are well-defined notion underpinned by causal facts of an evolving

population. This also means that the study of constraints must focus on these causal, rather

than statistical, facts. Development is a causal process, and any statistical measure, includ-

ing genetic variances or covariances, is a mere “shadow” (Shipley, 2000) projected from

this process. Although such a shadow may give a correct account of evolutionary response

at one time, its ephemeral nature makes it unsuitable for studying long-term evolutionary

trajectories. A study of evolution and constraints thereof thus requires the understanding

of the real object, namely the underlying causal structure, not just its statistical shadow.
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CHAPTER 6

INTEGRATING PROXIMATE AND

ULTIMATE CAUSATIONS

6.1 THE TWO NOTIONS OF CAUSE IN BIOLOGY

In 1961, Ernst Mayr published a short article in Science that soon became a classic in

evolutionary biology as well as in the philosophy of biology (Mayr, 1961). In that paper,

titled “Cause and effect in biology,” Mayr distinguished two notions of causation used

in biological sciences. A proximate cause, according to Mayr, denotes a developmental,

physiological, or chemical mechanism that forms or triggers a particular biological feature

or phenomenon, usually in an organism’s lifetime. Mayr’s own example was the migrating

behavior of the new world warbler. Its proximate causes include physiological or chemical

pathways connecting environmental cues (e.g., day length) to muscular movement, and

contribute to the explanation of how the migration happens. In contrast, an ultimate cause

is a historical factor that explains why an organism has a given trait rather than another.

Why the new world warbler migrates at the end of summer would be explained in terms

of the fitness advantage of seasonal migration (e.g., securing food during winter) by the

Darwinian theory of natural selection. Mayr believed that these two causal questions pertain
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to distinct scientific disciplines. Proximate causes are the study subject of “functional

biology” including all physiological, cellular, and molecular biologies, while questions about

ultimate causes are answered by evolutionary biology.

There is little doubt that they are different questions. What counts as an appropriate

explanation depends on a context (van Fraassen, 1980), and in this sense Mayr was certainly

right that each subfield in biology may analyze one phenomenon from different research

perspectives. But to the eyes of many the distinction further implied that these questions

are mutually irrelevant or at least independent so that biologists can study one without the

other.1 Indeed this reading was adopted by Mayr himself, who later used his distinction to

defend the autonomy of evolutionary biology from the then burgeoning field of molecular

biology (Beatty, 1994).

Such a strict division of labor has been under the attack of recent theorists who em-

phasize the role of developmental or ecological factors played in adaptive evolution (e.g.,

West-Eberhard, 2003; Thierry, 2005; Laland et al., 2011, 2013). For instance, developmental

plasticity or bias can buffer environmental changes in such a way to regulate or mitigate the

influence of natural selection on genetic frequencies (West-Eberhard, 2003). Alternatively,

organisms may actively reshape their selective regime by choosing, modifying, or even cre-

ating the fitness-related environment, the process known as niche construction (Lewontin,

1983b; Laland et al., 1996; Odling-Smee et al., 1996; Laland et al., 2000). All these phenom-

ena suggest that proximate causes, such as development processes or ecological interactions,

play a substantive role in shaping the course of evolution.

The goal of this chapter is to substantiate these ideas with the formal framework devel-

oped so far in order to get a clearer picture of the notion of cause in evolutionary biology. In

the previous chapters we have seen how phenotypic interactions influence evolutionary re-

1For discussions about the (mis)uses of the proximate/approximate distinction in biological literatures,
see e.g., Amundson (2005); Laland et al. (2011).
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sponse. This is one example of proximate causes affecting ultimate causation. The present

chapter adopts the same strategy to address various modes of inheritance or ecological

interactions, such as epigenetic inheritance, maternal effects, or niche construction. By ex-

tending the standard evolutionary model (the breeder’s equation), I will analyze how these

“non-standard” mechanisms introduce novel evolutionary dynamics. The results obtained

in this chapter demonstrate the ability of the causal framework to systematically “trans-

late” various kinds of proximate causal structures into ultimate or evolutionary processes,

and provide a formal integration of the two concepts of causation distinguished by Mayr.

6.2 THE PRICE EQUATION REVISITED

In order to study evolutionary consequences of various kinds of proximate cause, here again

we resort to the causal decomposition of the Price equation. Recall the Price equation in

its full form is:

∆Z =
1

W
Cov(W,Z ′) + Z − Z ′. (6.1)

where W is the absolute fitness (the number of offspring) and Z ′ is the average trait value

of offspring produced by each individual (Chap. 3). In this chapter we allow a transmission

bias (Z − Z ′ 6= 0) but assume, for the sake of simplicity, that fitness W and phenotype Z

are not confounded. Under this condition Eqn. 6.1 can be written as

∆Z =
1

W
bCov(Z,Z ′) + Z − Z ′ (6.2)

where b := Cov(W,Z)/Var(Z) is the linear regression of W on Z.

Eqn. 6.2 identifies four components that together determine evolutionary responses

(Table 6.1). The regression coefficient b denotes the direction of selection such that the

123



1

W
b Cov(Z, Z′) +Z′ − Z

Selection Rate Direction — —

Reproduction — — Efficiency Fidelity

Causal basis
Input

(to W )
Connection
(of W, Z)

Connection
(of Z, Z′)

Input
(to Z, Z′)

Table 6.1: Component-wise decomposition of the Price equation. The top two rows indicate evolutionary
components measured by statistics in each column. The bottom row shows the relevant causal relation-
ships/factors that determine each statistics.

trait is favored if b > 0, disfavored if b < 0 and neutral if b = 0. The reciprocal of the mean

fitness, 1/W , regulates the rate of selection. A lower population mean fitness inflates this

term and makes the selective pressure more significant, accelerating the adaptive process.

In contrast, if the population as a whole is well adapted the same directional selection

will exert only a marginal impact. Next, the covariance between parental and offspring

phenotype, Cov(Z,Z ′), quantifies their resemblance or the efficiency of the reproductive

process. Finally, Z−Z ′ is the systematic change in phenotypic average due to non-selective

evolutionary forces, corresponding to the reproductive fidelity or bias.

These “components” in the Price equation, however, are just statistics, and the crux

of the causal decomposition consisted in relating these statistics to the underlying causal

features that generate them. As we have seen, the statistical associations (regression or

covariance) in the Price equation reflect the treks connecting two variables (Chaps. 2, 3).

On the other hand, the mean value of a variable is determined by its causal inputs, or more

specifically thorough the structural equation, such that:

Vi = fi(PA(Vi)). (6.3)

Table 6.1 summarizes the above remarks. What concerns us most in this table is the
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bottom row, for it enables us to “translate” a given causal hypothesis to evolutionary change.

To assess the evolutionary response generated by a particular causal structure, we just need

to examine each causal feature listed in this row and combine them. Let us review this

with the breeder’s equation (Eqn. 1.3), whose underlying causal structure is reproduced

schematically in Fig. 6.1. As we have seen in Chapter 3, the treks between parental fitness

W and offspring phenotype Z ′ give their covariance as a product of the selection gradient

and the additive genetic variance, such that Cov(W,Z ′) = bCov(Z,Z ′) = βσ2
A. From the

fitness function, the mean fitness is simply

W = βZ + EW , (6.4)

and the mean phenotypic values are

Z = X + E, (6.5)

Z ′ = X ′ + E′. (6.6)

Under the assumptions of faithful gene transmission (X ′ = X) and homogeneous envi-

ronments for the parental and offspring generations (E = E′), Eqns. 6.5 and 6.6 entail

Z ′ − Z = 0. Fig. 6.1 thus gives the breeder’s equation as:

∆Z =
1

βZ + EW

βσ2
A. (6.7)

Arguably Fig. 6.1 is the simplest causal hypothesis, and in the previous few chapters I

have tried to expand this basic framework to incorporate more complex genotype-phenotype

mappings. In what follows I will make further attempts to relax other assumptions, includ-

ing the strict Mendelian inheritance, independently and identically distributed environmen-
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WEW

ZE

X

X ′

E′ Z ′

β

σ2
A

W = βZ + EW ,

Z = X + E,

Z ′ = X ′ + E′,

X ′ = X,

E = E′ (constant environment)

Figure 6.1: The causal graph and structural equations underlying the breeder’s equation. Here for the
sake of simplicity the genetic value is represented by a single variable X and sex is ignored. See Chapter 3
for the complete graph and structural equations.

tal factors, no transmission bias, and no nonlinear interactions. The extended framework

will enable us to evaluate evolutionary implications of various forms of “proximate” mech-

anisms, such as epigenetic inheritance, maternal effects, niche construction, and nonlinear

interactions.

6.3 MODELING NON-STANDARD EVOLUTIONARY MECH-

ANISMS

The standard evolutionary models such as the breeder’s equation and the Lande equation

make rather restrictive assumptions as to the way organisms reproduce or interact with

environments. Recent studies, however, have shown ample evidence that various “non-

standard” evolutionary mechanisms such as maternal effects (Kirkpatrick and Lande, 1989),

niche construction (Laland et al., 1996; Odling-Smee et al., 1996) or epigenetic inheritance

(Jablonka and Lamb, 2005) may affect evolution in significant ways. The goal of this section

is to incorporate these mechanisms under the causal framework we have developed so far.

The unified treatment of various evolutionary phenomena will enable us to see when, how,

and why a particular causal mechanism matter to evolution, and also open the possibility
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of exploring unknown causal mechanisms that might affect evolution.

6.3.1 EPIGENETIC INHERITANCE

The causal graph in Fig. 6.1 and thus the breeder’s equation Eqn. 6.7 are based on the strict

Weismanian assumption that restricts carriers of hereditary information to genes alone.

Recent studies, however, have provided ample evidence that various epigenetic materials are

also transmitted during reproduction (e.g., Jablonka and Lamb, 2005). At the molecular

level, for example, phenotypic information may be stored in the form of DNA methylation,

histone modification, RNA regulation or cell structures, which can be more or less stably

transmitted across generations and contribute to phenotypic resemblance.

The quantitative contribution of the epigenetic pathway to the parent-offspring resem-

blance was studied by Tal et al. (2010). Let C denote the state of an epigenetic factor

(e.g., methylation mark) of a parent, and C ′ be its average among the offspring. Parents

pass their epigenetic state to offspring with probability (or ratio coefficient) 1 − v, which

Tal et al. call the coefficient of epigenetic transmissibility. Alternatively, offspring that did

not receive epigenetic marks from their parents may acquire one from the environment, for

example by heat stress. These assumptions are summarized by the causal graph in Fig. 6.2.

From this graph we immediately see that the epigenetic inheritance, as modeled by Tal

et al. (2010), affects the reproductive components of the Price equation (the third and fourth

columns of Table 6.1). First, the newly created trek Z ← C → C ′ → Z ′ contributes to

the parent-offspring resemblance, Cov(Z,Z ′). Assuming linearly, the contribution from this

path can be calculated through the trek rule to be σ2
epi := (1− v)Var(C). This value thus

quantifies the effect of the epigenetic pathway on the efficiency of the reproductive system.

Second, the fidelity of the reproductive process may be affected by loss or acquisition of the

epigenetic mark in the offspring generation, which can be thought of as a mutation in the
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WEW

ZE

C X

Z ′E′

C ′E′
C X ′

1− v
v

Z = X + C + E,

Z ′ = X ′ + C ′ + E′,

C ′ = (1− v)C + vE′
C .

Figure 6.2: The causal graph underlying the epigenetic inheritance model analyzed in Tal et al. (2010).
The newly introduced causal connections are indicated by dashed arrows. Only those structural equations
different from Fig. 6.1 are shown.

epigenetic factor. Due to this epigenetic mutation the causal inputs to the parental and

offspring phenotypes may no longer be same, as is seen from the structural equations for Z

and Z ′ in Fig. 6.2. Simple algebra shows that Z−Z ′ = v(EC −C), hence the reproduction

is biased whenever the mean acquisition rate of a new epigenetic mark differs from the

mean epigenetic state in the parental generation. Taking these two points into account, the

overall evolutionary change under epigenetic inheritance becomes

∆Z =
1

W
β
[

σ2
A + σ2

epi

]

+ v(EC − C). (6.8)

This equation entails a different evolutionary dynamic than the basic breeder’s equation

(Eqn. 6.7). In particular, the introduction of an epigenetic factor affects the efficiency and

fidelity of the reproductive system and thus the respective statistical components in the

Price equation. Epigenetic inheritance therefore provides the first instance where proximate

causes affect ultimate causation.
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6.3.2 MATERNAL EFFECTS

Another well-known and perhaps ubiquitous form of non-genetic inheritance is maternal

effects. In many species, especially mammals, pre- and post-natal care provided by parents

has strong influences on the offspring phenotype. Body size in mammals, for example,

may be affected positively by maternal lactation performance but negatively by litter size.

These non-genetic contributions of parents are known to significantly affect evolutionary

trajectories in theory (Feldman and Cavalli-Sforza, 1976; Kirkpatrick and Lande, 1989), in

the laboratory (Cheverud, 1984) and in nature (McAdam and Boutin, 2004).

In a causal graph, maternal effects can be represented with a direct causal influence

from the parental to offspring’s traits, Z → Z ′, with its linear path coefficient m expressing

its strength.2 In the same way, we assume that a mother’s phenotype is also affected

by her grandmother. If reproduction and thus maternal care happen after selection, this

grand-maternal effect is represented by a causal arrow into the mother’s phenotype from

the grandmother’s phenotype after selection, Z∗
GP → Z. Fig. 6.3 gives the causal graph

reflecting all these pathways.

From Fig. 6.3 we note that maternal effects, like epigenetic inheritance, affect only

the reproductive process, i.e., the third and fourth components of the Price equation (Table

6.1). First, the direct influence from a mother to offspring introduces an additional trek that

contributes to the parent-offspring phenotypic covariance by σ2
m := m Var(Z). In addition,

the fact that a parent and offspring have different mothers and thus receive different amounts

of maternal care may result in a reproduction bias. According to the structural equations in

Fig. 6.3, this difference can be given by m(Z
∗
GP −Z), where Z

∗
GP is the post-selection mean

2On the other hand, an effect of litter size can be represented by drawing a causal arrow from parental
fitness W to Z′ (not shown in the graph), since by definition fitness is nothing but litter size. For the sake of
simplicity in this chapter we limit our attention to the univariate evolution of the maternal care trait alone,
but the extension to include the simultaneous evolution of the care trait (e.g., lactation) and its beneficiary
(e.g., body size) is straightforward.
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Z∗
GP W EW

E Z

X

X ′

E′ Z ′

m

Z = X + mZ∗
GP + E,

Z ′ = X ′ + mZ + E′.

Figure 6.3: Maternal effect. Z∗

GP is the grandmother’s phenotype after selection. This follows from the
assumption that reproduction happens after selection, and thus that only those who survive selection can
rear offspring.

phenotypic value in the grandparental generation. This gives the evolutionary response as:

∆Z =
1

W
β(σ2

A + σ2
m) + m(Z

∗
GP − Z). (6.9)

One notable difference from the epigenetic case (Eqn. 6.8) is that the reproductive bias

(second term) under maternal effects is a function of selection in the previous generation —

it results from the adaptive evolution in the previous generation (Z
∗
GP 6= Z). This means

that a population may continue to evolve even after selection ceases to exist, provided it

was operative in prior generations (Kirkpatrick and Lande, 1989). Such an evolutionary

momentum is one salient consequence of maternal effects not observable in the standard

genetic model.3 The causal approach, therefore, illustrates the way the proximate inter-

actions between parents and offspring alter evolutionary response and produce the novel

evolutionary dynamics.

3Kirkpatrick and Lande (1989) further showed that this term equals m
ˆ

∆ZGP − Var(Z)βGP

˜

, where

∆ZGP and βGP are the evolutionary response and selection gradient in the previous generation, respectively.
To derive this from Eqn. 6.9, note that the mean after selection in the grandparent generation is given by
Z

∗

GP = ZGP −SGP where SGP := Cov(WGP , ZGP ) = Var(ZGP )βGP is the selection differential. Their result
follows from Eqn. 6.9 by noting ∆ZGP := Z − ZGP and assuming a constant phenotypic variance between
generations, i.e., Var(ZGP ) = Var(Z).
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6.3.3 NICHE CONSTRUCTION AND ECOLOGICAL INHERITANCE

In the traditional picture, organisms play only a passive role in adaptive evolution, envi-

ronmental factors “shaping” their genotype and phenotype but not vice versa. In many

cases, however, organisms are also active agents selecting, altering, or even creating the

very environment they live in (Lewontin, 1983b). Ant nests, mole holes, spider webs, and

beaver dams are conspicuous examples where organisms construct their own niche and alter

important selective parameters such as temperature or the accessibility to food. Through

such niche construction organisms may actively influence their evolutionary fate (Odling-

Smee et al., 1996; Laland et al., 2000). In addition, some of the constructed niches such

as ant nests or beaver dams may persist and serve for several generations via ecological

inheritance.

Let R denote a niche or environmental resource. Then niche construction is represented

by a causal arrow from phenotype Z to R, with its strength measured by the linear path

coefficient λ2 (Laland et al., 1999). The persistence/inheritance of the resource between

generations, on the other hand, is expressed by an arrow from R to R′, the environmen-

tal resource in the offspring generation, with the depletion rate of λ1. The causal graph

depicting this simple scenario of niche construction is shown in Fig. 6.4.

While epigenetic inheritance and maternal effects concerned reproduction, niche con-

struction mainly influences selection, i.e., the first and second components of the Price

equation (Table 6.1). First, niche construction creates an additional pathway through which

the phenotype affects fitness, so that the total fitness contribution of the trait becomes

b = β + λ2. Next, the constructed niche regulates the strength of selection through the

weighting factor, 1/W . Assuming the environmental resource is shared by every individual

in the population (hence R is a group or contextual variable) this factor is 1/(βZ + R).
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W EW

RGP

Z E

R X

X ′R′

Z ′ E′

λ2

1− λ1

W = βZ + R + EW ,

R = (1− λ1)RGP + λ2Z,

R′ = (1− λ1)R + λ2Z
′

Figure 6.4: Niche construction and inheritance. RGP , R, and R′ are the environmental resources (niches)
of the grandparental, parental, and offspring generations, respectively. The notation follows Laland et al.
(1999) with an important simplification that here only one quantitative trait, Z, is considered, whereas
Laland et al. analyzed nonlinear fitness interactions of two loci (each for niche construction and fitness).
The basic causal structure, however, remains the same.

Adaptive evolution under niche construction is thus expressed as:

∆Z =
1

βZ + R
(β + λ2)σ

2
A (6.10)

It should be noted that R in Eqn. 6.10 keeps changing across generations as the envi-

ronmental resource is supplemented by niche construction in each generation and depleted

through an incomplete ecological inheritance. This has several important consequences.

First, differential amounts of environmental resources among generations may generate a

similar kind of evolutionary momentum as we saw in the case of maternal effect (Laland

et al., 1996, 1999). Second, an accumulating resource (bigger R) counteracts the selection

measured by β, bearing out our intuition that with a poor “scaffolding” the phenotype

of each individual is the key determinant of its fitness and thus strongly selected, while a

well-constructed niche mitigates the selective pressure. In addition this change in the rate

of adaptive evolution affects the rate of resource accumulation. Thus niche construction

may create evolutionary feedbacks between organisms and their environment. And finally,

if environmental resource R is shared by every or most members of the group, as in a beaver
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dam, it may introduce selection at the group level. In particular, constructing a beneficial

niche (λ2 > 0) that incurs some cost to the individuals (β < 0) can be considered a type of

altruistic trait, disfavored by individual selection but favored by group selection.

Evolutionary consequences of niche construction were studied in the pioneer works of

Laland et al. (1996) and Laland et al. (1999). Their analyses employed two-locus pop-

ulation genetics models and considered various sorts of nonlinear fitness functions. Such

additional complexities in the causal mechanism enabled them to study richer evolutionary

patterns than the one discussed here. For example, if fitness is a nonlinear function of

the phenotype and the resource, the accumulating niche may change not only the rate but

also the direction of selection, resulting in more complex evolutionary trajectories. Our

analysis, however, showed that even the simplest form of niche construction is enough to

produce novel evolutionary dynamics which differ significantly from those obtained from

the standard model. In addition, the simplicity has its own virtue in revealing why niche

construction matters to evolution — it creates a new causal pathway from the phenotype to

fitness and alters the fitness function, thereby affecting the selective components in the Price

equation.4 The causal model, therefore, reveals the essential feature of the proximate causal

structure through which niche construction influences the ultimate cause of evolution.

6.3.4 NONLINEAR INTERACTIONS

As we have seen in Chapter 3, one important assumption of the quantitative genetics mod-

els is linearity: each gene additively affects phenotype. In general, however, we expect

various causes in nature to interact with each other in such a way that one factor regu-

lates the causal contribution of the others. Nonlinear genetic effects, namely dominance

or epistasis, are expected to be rule rather than an exception of the genotype-phenotype

4This entails that a nonlinear fitness function is not essential for a niche construction model to produce
non-standard evolutionary dynamics.
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mapping (Wright, 1968). Genetic effects on a phenotype may also be dependent on some ex-

ternal/environmental factor, the phenomenon called phenotypic plasticity (Pigliucci, 2001;

West-Eberhard, 2003). Finally, the fitness of an organism is always a product of an inter-

action between the phenotype under selection and an environmental selective pressure, say

temperature of predator abundance (Wade and Kalisz, 1990; Glymour, 2011). Linearity was

assumed in the above discussions as well: for example, the structural equations for parental

and offspring phenotypes in Fig. 6.2 assume that genotype X and epigenetic mark C make

independent contributions to the phenotype, without one changing the activity of the other.

This, of course, is unrealistic, given that methylation is a modification of a chromosomal

region and thus necessarily interacts with the target genes.

These nonlinear interactions may not introduce additional causal pathways in a causal

graph but do alter the form of structural equations, which may lead to more complex

evolutionary patterns. If a cause acts in a nonlinear fashion, its contribution depends on its

value as well as that of other causes. The fitness contribution of the running speed of a zebra,

for example, is partly determined by the speed of nearby predators, another important cause

of the zebra’s fitness. Hence interactions make the nature of causal relationships specific

to local conditions/configurations. In the context of evolutionary biology, this means that

each local population may evolve more or less differently.

To see this more closely, let us consider dominance and epistasis, i.e., nonlinearity in

the genotype-phenotype mapping. How does it affect the Price equation? First, a nonlinear

relationship between Z and Z ′ means that the reproductive efficiency, Cov(Z,Z ′), may

differ among local populations. This is because the association between the two variables

now depends on the local distribution of these variables (Fig. 6.5). Hence if two local

populations have more or less different genetic distributions, they may respond differently

even to the same selection pressure (Wade, 1992). Moreover, the nonlinearity enhances the
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strength of drift by affecting the reproductive fidelity — the fourth component of the Price

equation. Recall this term is given by the difference in the phenotypic averages between

parents and offspring. If the genotype-phenotype mapping is linear, these averages are just

functions of the averages of genotypes X and X ′, as seen above. But under nonlinearity

they are affected by higher moments (variance, skewness etc.) as well, and these statistics

are known to be extremely sensitive to sample variations (e.g., McCullagh, 1987). Since

the transmission of genes from parents to offspring is nothing but a sampling process,

nonlinear genotype-phenotype mappings may magnify this sampling fluctuation into a larger

phenotypic deviation between parents and offspring, resulting in stronger drift. Moreover,

the divergence is further amplified as population/sample size becomes smaller.

Parents
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Figure 6.5: Under nonlinearity, the efficiency of the reproductive process, Cov(Z, Z′), depends on local
genotypic compositions. The above two graphs plot hypothetical offspring phenotypes against the mid-
parent’s phenotype, under different genotype-phenotype mappings. The parent-offspring associations remain
constant across all three “subpopulations” (clouds of points) for the linear genotype-phenotype mapping
(left), but differ radically under nonlinearity (right). Note, however, that even with the nonlinearity the
parent-offspring relation in each subpopulation is virtually linear (as seen from regression lines).

It must be emphasized that a nonlinear genotype-phenotype mapping does not auto-

matically entail no or even little additive genetic variance.5 To the contrary, a linear parent-

offspring relationship in each local population is totally consistent with, and even predicted

from, a nonlinear genotype-phenotype mapping (see Fig. 6.5 right). Under nonlinearity,

however, the nature of such relationships may vary across populations and generations: the

5This point is often made by the distinction between the “functional” or “biochemical” epistasis and
“statistical” epistasis (Wade, 1992).
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response in one population at one time may be totally different from that of another popu-

lation and/or at different generations. In other words, nonlinearity makes evolution a local

process, determined by the conditions specific to each population. The idea of local evolu-

tion is at the heart of Sewall Wright’s shifting balance theory (Wright, 1930). In contrast

to Ronald Fisher who viewed the evolutionary process as one large panmictic population

moving toward the global optimum through gradual changes, Wright held that evolution

mostly takes place in subdivided populations of smaller size. Since small populations are

prone to random drift, this would help them to effectively “explore” the adaptive landscape

to attain different local maxima. As we have seen, strong dominance and epistasis, which

Wright thought to be a ubiquitous feature of organisms, promote differential explorations

and random walks in the phenotypic space, facilitating subpopulations to explore a broader

range of possibilities.

The Fisher-Wright debate has arguably been one of the biggest controversies in modern

evolutionary biology which is still discussed today (Coyne et al., 1997, 2000; Wade and

Goodnight, 1998; Goodnight and Wade, 2000). The debate has surrounded two different

conceptions about evolution, namely gradual adaptive processes tending toward the global

optimum on Fisher’s side and local adaptation and dispersal on Wright’s side. As the above

discussion makes clear, this dissidence in the nature of evolutionary processes largely hinges

upon the differential assumptions about the genotype-phenotype mapping. In other words,

one of the great controversies about ultimate causation in modern evolutionary biology

was partly about proximate causation. Far from being irrelevant, therefore, proximate

mechanisms have been a major concern in evolutionary genetics since the Modern Synthesis,

at least in the minds of its founders.
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6.4 TOWARD A UNIFIED FRAMEWORK

In the previous chapters we have studied how genotype-phenotype structures (i.e., inter-

phenotypic causation) influence evolutionary outcomes. Using the same approach, the above

discussions father tried to extend the standard models to address non-genetic inheritance,

niche construction, and nonlinear interactions. Taken together, these results show that

proximate causes — mechanisms underlying development, inheritance, or environmental

interactions — play an important role in ultimate or evolutionary processes, and thus that

the two kinds of causation distinguished by Mayr were far from irrelevant nor autonomous to

each other. The causal model achieves this integration by providing a systematic procedure

to “translate” a proximate causal structure into an ultimate evolutionary response. With

this approach, one can see not only that proximate causes matter to evolution, but also

how and why : a given causal mechanism may affect evolutionary process by creating a trek

between the parental fitness and the offspring phenotype or by modifying relevant structural

equations, thereby altering one or more components in the Price equation.

As we have seen in Table 6.1, the Price equation already decomposes evolutionary re-

sponse to several elements, such as selection, reproduction efficiency and its fidelity. To

evaluate how a particular mechanism affects each of these components, however, one needs

an explicit causal model. Helanterä and Uller (2010), for example, claimed that epigenetic

inheritance reduces the parent-offspring similarity because it introduces variation in epial-

leles. By arguing so, however, they overlooked the fact that epigenetic inheritance creates

a new causal pathway (trek) between parents and offspring that positively contributes to

their resemblance. The oversight could be prevented by defining a causal model, since the

causal graph makes explicit all the causal pathways through which a newly introduced fac-

tor may contribute to evolutionary change. With our epigenetic model (Fig. 6.2), it is easy

to show that the reduction of the overall heritability (the regression of the mid-parental
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phenotype on the average offspring phenotype) due to an additive epigenetic factor occurs

if and only if the narrow-sense heritability (the ratio of the additive genetic variance to the

phenotypic variance) is greater than Tal et al.’s coefficient of epigenetic transmissibility, i.e.,

h2 > 1 − v. Hence the model not only prevents the incorrect conclusion, but also reveals

the condition that epigenetic inheritance reduces the parent-offspring similarity and the

phenotypic response to selection.

This example attests the heuristic power of the causal approach: any proximate causal

relation can be explicitly encoded in a causal graph, which can then be used to calculate

the evolutionary response through the Price equation. Looking upon Table 6.1 we may

also identify which of the four components of the Price equation is affected by a novel

causal factor. This chapter exploited this feature to reanalyze evolutionary implications of

known phenomena, such as epigenetic inheritance, maternal effect or niche construction.

But the systematic translation from a causal model to evolutionary response also opens

up the possibility of exploring evolutionary consequences of a novel causal mechanism that

may generate a yet unknown evolutionary dynamics.

The causal models may also prove beneficial in evaluating the importance of known or

newly-discovered evolutionary mechanisms. The non-standard causal mechanisms treated

in this chapter often come under the heading of the “Extended Synthesis” (Pigliucci, 2007;

Pigliucci and Muller, 2010). Its proponents criticize the current evolutionary genetics for

ignoring these novel mechanisms that have been shown, at least in theory, to affect evo-

lutionary trajectories. This criticism can be interpreted as a plea for reconsidering the

“proximate” causal basis of “ultimate” evolutionary models established in and after the

Modern Synthesis. It is still an empirical question, however, to what extent these novel

mechanisms matter to evolution. In fact, few would deny that epigenetic factors or niche

construction may affect evolution: the question is how significant these effects are. Building
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a causal model for a specific evolutionary factor helps in this regard, for it will tell us which

parameters need to be estimated and how they affect evolutionary response. To evaluate

evolutionary implications of epigenetic or maternal inheritance, for example, the coefficient

of epigenetic transmissibility (1 − v) or maternal effects (m) proves essential, as seen from

Figs. 6.2 and 6.3, respectively.

This last point brings us to another potential use of causal models, the causal search. In

Chapter 4 we have seen some applications of the causal search algorithms to infer a causal

structure over phenotypes. The same technique may be used to discover evolutionary factors

discussed in this chapter. In case of niche construction, for example, it might be difficult to

identify which aspect of the constructed or modified environment is actually contributing

to adaptive evolution. Is it a size, location or quality of the niche that matters? Do they

affect fitness through regulating temperature, mating success, or the accessibility to food?

If relevant measurements are made (which, granted, is not at all a trivial task), one can

apply a search algorithm to identify a potential causal factor, which may be followed by a

more detailed experimental study. The verified and estimated causal pathways can then be

incorporated into a causal model underlying the Price equation to calculate the impact on

evolutionary response.

The causal approach, therefore, provides a unified framework from the discovery and

estimation of proximate causal factors to the assessment of their evolutionary implications.

The second part of this thesis has described this framework with some important evolu-

tionary mechanisms, including development (genotype-phenotypic mapping), inheritance

(non-genetic pathways) and environmental interactions (niche construction). In each case,

proximate causal structures were shown to constitute ultimate causes of evolution. These

results suggest that evolutionary theory in general can be viewed as a study of causal

properties that drivecausal evolutionary change. The next chapter refines this idea and
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proposes a general meta-scientific account of evolutionary theory from the causal modeling

perspective.
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CHAPTER 7

THE STRUCTURE OF

EVOLUTIONARY THEORY

7.1 INTRODUCTION

One important goal of the philosophy of biology is to analyze the theoretical structure of

evolutionary biology. It has sometimes been argued that the explanations Darwin provided

in his Origin were different in kind from those typically found in other scientific domains

such as physics or chemistry (Lewontin, 1983a; Sober, 1984). Understanding the nature of

evolutionary theory and explanations, therefore, has been a major challenge for philosophers

as well as biologists ever since the publication of the Origin.

The first task of a meta-scientific analysis is to give a coherent picture of the scientific

theory and/or practice in question. What is evolutionary theory? How do biologists explain

evolution? How is the knowledge about evolution structured? What makes it a decent and

autonomous scientific theory? Through these questions philosophers as well as biologists

have tried to characterize the nature of evolutionary theory.

One important tradition in this line of investigation has been a formal or semi-formal

reconstruction of evolutionary theory. The theoretical structure of evolutionary theory, for
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example, has been characterized in terms of axiomatic systems (Williams, 1980; Kitcher,

1989), a set of laws (Sober, 1984), or models (Lloyd, 1988; Downes, 1992; Godfrey-Smith,

2006). The goal of these analyses is to show the logical structure of evolutionary theory

by applying some formalism developed elsewhere. These (semi-)formalized structures of

evolutionary theory were expected to reveal its scientific backbone, as well as its similarity

with or difference from other scientific theories.

Another common strategy in the philosophy of biology is interpretations or analyses

of scientific discourses or concepts. Ernst Mayr, as we have seen in the previous chapter,

characterized the theoretical and explanatory nature of evolutionary biology (in contrast to

other branches of biology) by analyzing the concept of cause, which he claimed to be used

differently across biological sciences. Another concept that has long occupied philosophers’

mind is fitness. It was argued that the correct interpretation of fitness was the key to dismiss

the infamous charge that evolutionary theory is a mere tautology, and thus to establish it as

a valid scientific theory (Mills and Beatty, 1979). An interpretation of the fitness concept

was also the primary focus in the statisticalists’ arguments — that evolution is not a causal

process but just a statistical pattern — the main question there being whether fitness can

be interpreted as a cause of evolutionary change (e.g., Matthen and Ariew, 2002; Walsh,

2007, 2010).

One way or another, the goal of these approaches is to present a coherent and correct

description of evolutionary theory. In addition to these descriptive analyses, some meta-

scientific accounts have normative components. The goal of normative accounts is not just

a presentation of the status quo of evolutionary biology, but critical prescriptions of “what

evolutionary theory should be” or “what evolutionary biologists should do.” One of the

most famous examples is Gould and Lewontin’s criticsm of the adaptationism (Gould and

Lewontin, 1979; Chap. 5), who warned biologists of the danger of uncritically assuming any
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organismal feature to be a product of natural selection, at the expense of other possibilities

(such as developmental constraints). This is a normative claim to the effect that evolution-

ary biologists should pay attention to various kinds of hypotheses other than just selection.

Another, more recent, reformist claim comes from the burgeoning field of evolutionary de-

velopmental biology, or Evo-Devo (Amundson, 2005; Müller, 2007; Carroll, 2008; Pigliucci

and Muller, 2010). Its main claim is that the current theoretical framework of evolutionary

biology, dated back to the early 20th century where little was known about how organisms

develop (or such knowledge, if existed, was mostly ignored), fails to incorporate or even is

inconsistent with the current knowledge of development, and thus should be restructured.

These two sides of meta-scientific analyses, descriptive and normative, are closely con-

nected. Most if not all claims of “what evolutionary theory should be” are based on or

motivated by a certain understanding of “what it now/really is,” and the cogency of the

former is dependent on the soundness of the latter. Unfortunately, however, the descriptive

assumption underlying a normative account is often implicit or sometimes even misused,

which significantly blurs or invalidates the normative point. Much ink has been spilled

over Gould and Lewontin’s spandrel paper simply because people were unclear about what

counts as the adaptationism, constraints, or even evolutionary explanations (Sterelny and

Griffiths, 1999; Godfrey-Smith, 2001). Mayr’s ultimate/proximate distinction has been re-

peatedly misinterpreted as if these two causes constitute mutually exclusive and competitive

accounts of biological characters (see Lloyd, 2005; Laland et al., 2011, for discussions of such

misuses), which could have been avoided had Mayr explicated more carefully the interrela-

tionship between the ultimate/evolutionary and the proximate/developmental explanations.

An explicit representation of the structure of evolutionary theory is thus worthwhile not

only by its own right but also as a basis for normative claims. In this final chapter of the

thesis, I would like to propose a general framework for evolutionary theory based on the
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causal models developed so far, and delineate some directions of further research implied

by this framework.

7.2 LEWONTIN’S STATE SPACE APPROACH

Among various meta-scientific accounts of evolutionary theory, one of the most popular

among philosophers as well as biologists is Richard Lewontin (1974b)’s two-state-space

representation of evolutionary genetics. This formalism was first introduced in the opening

section of his seminal book, The Genetic Basis of Evolutionary Change, in order to motivate

the chief project of the book, namely an empirical investigation of the genetic variation in

natural populations. But it has also served as a meta-scientific account of evolutionary

genetics as a whole, giving a formal representation of its theoretical structure (e.g., Lloyd,

1988; Lloyd et al., 2008).

In this picture, an evolving population is characterized through two state spaces (Chap.

2), each representing the genetic and phenotypic compositions of the population. An evo-

lutionary process is expressed as a transition in and between these two spaces, governed by

the following four laws of transformation:

T1: epigenetic laws that give the phenotypic distribution of a population from its genetic

distribution;

T2: evolutionary forces such as selection or migration that alter phenotypic frequencies;

T3: epigenetic laws used to infer the genotypic distribution from a given phenotypic dis-

tribution; and

T4: genetic laws that predict the set of genotypes in the next generation produced from

the parental genotypes in the current generation.

These laws give mapping relaitonships either within one space (T2, T4) or between two spaces

(T1, T3). Evolution is thus represented in this picture as a back and forth between the two
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spaces following these four laws (Fig. 7.1).

   Evolution takes place through two state spaces

Phenotypic 
space

Genotypic 
space

T1

T2

T3

T4

Figure 7.1: Schematic picture of an evolutionary process adopted from Lewontin (1974b, p. 14). See the
text for details.

As mentioned above, a descriptive analysis of evolutionary theory often comes with a

normative implication. A natural consequence of Lewontin’s two-state-space formalism is

that any model that considers just one space is an inadequate representation of evolution,

but “both phenotypic and genotypic state variables would enter into a sufficient dimension-

ality for the description of population evolution” (Lewontin, 1974b, p. 13). Quantitative

genetics models, for example, focus on changes in phenotypic frequencies, abstracting away

the genotypic space. As we have seen in Chapter 3, however, predictions from these models

crucially depend on information about genotypic frequencies (hence the need for a study of

the genetic basis of populations). On the other hand, changes in the genotypic space cannot

be autonomous either, simply because fitness, the crucial parameter that governs adaptive

evolution, is not a function of genotypes but of phenotypes. Since the law of evolutionary

forces T2 is defined as a mapping in the phenotypic space, some information about pheno-

type must be included to study evolutionary changes at the genetic level. This implies that

the gene centric view of evolution, despite its claimed autonomy and universality, cannot

be the whole story (Lloyd, 1988).

Lewontin’s formalism requires adequate evolutionary models to include at least two di-

mensions, phenotype and genotype, and to specify all four laws connecting them. But when

145



it comes to actually integrating the information about both aspects of a population into an

evolutionary analysis, Lewontin’s scheme is of little help. There are at least two difficulties.

First is that Lewontin’s state spaces are about populations, but relevant causal knowledge

is mostly obtained from studies of individual organisms. Development, for example, is a

causal process that generates the adult form out of an individual embryo and its environ-

ment. Selection also is a process where each organism has a differential rate of survival

and reproduction.1 In contrast, the laws required for Lewontin’s formalism are mappings

between population distributions, for a good reason. Evolution is a change in the popula-

tion structure but not of individual organisms, which usually do not persist for evolutionary

time scales. Hence the state spaces must be defined over populations, with the laws being

mappings of population properties, i.e., distribution. This, however, gives raise to a puzzle

as to the relationship between the causal facts at the individual level on the one hand and

the transformation laws of population distributions on the other. Unless these two levels are

bridged, it is unclear how to actually build an evolutionary model in line with Lewontin’s

schema.

The second difficulty is rooted in the nature of semantic models (Chap. 2), of which

Lewontin’s state space is a kind. Recall semantic models in general describe diachronic

changes in a system’s properties, but by themselves do not specify the cause of such changes.

Likewise, Lewontin’s framework focuses just on the evolutionary kinematics, with its laws

of succession describing diachronic changes of an evolving population. What is lacking here

is the dynamic aspect of evolutionary theory, that would explain how such changes and

laws arise from various sorts of causal interactions. This information about the relation-

ship between evolutionary kinematics and the underlying causes is exactly what we need

to build an evolutionary model from a given causal structure. Nor, without this causal

1Some philosophers do argue that selection is a population-level causal process (e.g., Millstein, 2006).
But the introduction of a population-level cause seems to me redundant given that selection can be defined
as a causal relationship between individual phenotypes and fitness (Chap. 3).
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justification, can one respond to the statisticalist claim that evolution is a purely statistical

or phenomenological pattern. Indeed, statisticalists can accept all of Lewontin’s framework

and still deny the causal nature of evolutionary processes, since the formalism itself does

not specify the nature of its laws.2 As was made clear throughout this thesis, however, evo-

lutionary theory is a dynamic theory about causes of evolution, and thus its meta-scientific

account must reflect this fact.

Note that these difficulties cannot be overcome just by increasing the resolution of the

model, that is, by introducing additional state spaces to cover intermediate steps between

the genotype and the phenotype. Lloyd et al. (2008), for example, correctly pointed out

that the connection between these two layers is far from a single-step process. In diploid

organisms, an individual must first form a pair (diploid pair) in order for it to reproduce.

This pair then sends haploid genes to the population gene pool. Since each stage has pheno-

typic as well as genotypic descriptions, there will be at least six different state spaces, along

with relevant laws connecting these spaces. No doubt this augmented version has a better

representational and predictive ability than the original two-space scheme: it can represent,

for example, selection in the haploid space (e.g., segregation distortion) or associative for-

mations of diploid pairs which assumedly affects the evolutionary trajectory of a population.

This, however, does not solve the difficulties raised above. The question is not the accuracy

of predictions or the laws used therein, but rather how these laws are constructed from the

causal knowledge. Although the representation including six (or more) state spaces points

to additional mechanisms that need to be incorporated into sufficiently predictive models,

it does not tell us how to translate these causal facts into the corresponding evolutionary

laws. A refined kinematics is not a dynamics; but it is precisely this latter component that

2They may argue, for example, that although there are causal relationships connecting individual geno-
types and phenotypes, the relevant laws (which are about distributional changes, by Lewontin’s definition)
can be obtained only through a sampling, and thus are statistical relationships (e.g., Matthen and Ariew,
2002).
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is needed for an adequate representation of evolutionary theory.

I thus conclude that Lewontin’s formalism is, although suggestive, incomplete. Its main

focus is the kinematics of an evolving population, but the full-fledged representation of

evolutionary theory must account for its dynamics as well. That is, it must include an

explanation of how evolutionary trajectories arise from the underlying causes. With this

remark, what follows proposes an alternative meta-scientific analysis of evolutionary theory,

based on the results obtained in this thesis.

7.3 THE EVOLUTIONARY MODEL

The above discussion identified two components in evolutionary theory: kinematics and dy-

namics. Kinematics describes diachronic population changes, i.e. evolution, as outcomes.

Dynamics, on the other hand, explains how such changes arise from the underlying causes.

This suggests that the general structure of evolutionary theory can be captured by combin-

ing two models, each corresponding to one of these components. As we have seen above, the

evolutionary kinematics is well described by a state space model. Its dynamics, in contrast,

can be specified by the causal models developed throughout this thesis. This leads us to

the definition of evolutionary model as a pair

M = 〈C,S〉 (7.1)

where C is a causal model and S is a state space model.

Recall a causal model is defined as a triple

C = 〈G,F, P 〉 (7.2)

where G = 〈V,E〉 is a causal graph over set of variables V, F is a set of structural equations,
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and P is a probability distribution over V. A causal model in an evolutionary model, or

an evolutionary causal model, describes the causal facts about an evolving population. Its

variables typically include individual properties such as fitness, phenotypes, and genes,

while the causal graph and the structural functions specify the causal relationships among

these variables (Chap. 3). Some of these variables U ⊆ V are exogenous and their values

are determined only by probability distribution P . Typical examples of the exogenous

variables in evolutionary causal models are parental genes or environmental factors, which

constitute a developmental matrix. The causal part of an evolutionary model thus describes

the processes that generate the phenotype and fitness of individuals (including parents as

well as offspring) out of the developmental matrix represented as a distribution.3

In contrast to the causal model that concerns the live and death of individual organisms,

a state space model describes evolutionary changes of a population (Lewontin, 1974b; Lloyd,

1988). The evolutionary kinematics is represented as changes in population quantities,

which usually are some statistics (such as the mean) of phenotypes or genotypes of organisms

constituting the population. Formally, a state space model is a triple

S = 〈V∗,L, P 〉 (7.3)

where V∗ is a set of statistics whose evolutionary changes are of interest, P is a probability

distribution over V∗, and L is a set of laws of succession or state transition functions that

determine a diachronic change of the population properties, i.e., P (V∗). Note that since V∗

is a set of statistics (functions) of the individual variables V in the causal model, P (V∗) is

3Since evolutionary processes involve temporal changes in parameters, the causal model Ct at generation
t may differ from that in the previous generation Ct−1. Evolutionary forces such as selection or drift typically
alter gene frequencies so that Pt 6= Pt−1. Or the causal relationships themselves can change so that Et 6= Et−1

or Ft 6= Ft−1, due for example to an ecological disturbance. Hence properly speaking an evolutionary model
for t generations is t + 1-tuple

M = 〈C1, . . . , Ct,S〉.

But since this complicates the notation, I will omit the time index except for when needed.
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uniquely determined by P (V) — hence the state space model and the causal model share

the same probability function P .

The core of the state space model is the laws of succession, L, which give a change in

the population features from one generation to the next based on the current population

structure. Examples of evolutionary laws of succession include the breeder’s equation, the

Lande equation and the one-locus population genetics equation.4 The breeder’s equation, for

example, tracks the mean phenotypic value Z across generations. In Chapter 3, we have also

observed that these laws of succession can be derived from certain causal assumptions. An

evolutionary model is called causally complete if its laws of succession (and thus the whole

state space model) are induced from its causal model. The standard evolutionary equations

mentioned above thus constitute causally complete evolutionary models when coupled with

the corresponding causal models presented in Chapter 3. Evolutionary kinematics of such

models are completely explained from their causal assumptions, the causal model giving

the whole evolutionary dynamics of these models.

In contrast, evolutionary models are causally incomplete if their laws of succession are

not fully justified by their causal assumptions, or they lack any specification of the underly-

ing causal structures. Models obtained by a curve fitting or described by purely statistical

terms fall into this category. Such models are unstable since their prediction may fail when-

ever the underlying causal conditions are altered (e.g., Glymour, 2006), and of limited use

for they do not tell us the correct evolutionary consequence of a change in causal param-

eters. This means that they give partial or even no explanation as to what factors are

responsible for the observed or hypothesized evolutionary trajectory.

The primary task of evolutionary theorists is to construct a causally complete model,

either by deriving laws of succession (and thus the state space model) from certain causal

4To be precise, these equations are estimates of the laws of succession, if the terms in the equations
are interpreted as statistics (such as regression coefficients) rather than causal parameters (such as path
coefficients).
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assumptions, or by identifying the causal structure that satisfies the causal completeness

with respect to an observed pattern of population change. Assumedly these tasks can be

approached by various ways. The strategy taken in this thesis was the causal decompo-

sition of the Price equation: it enabled us not only to show the causal completeness of

the standard evolutionary models, but also to derive transition functions from a variety

of causal conditions including phenotypic interactions, non-genetic inheritance, and niche

construction. In this way, the causal approach offers a systematic procedure to connect the

evolutionary kinematics (the state space model) and dynamics (the causal model).

The explicit specification of a causal structure and its relationship to the evolutionary

dynamics is what distinguishes my approach from Lewontin’s formalism. In fact, one can

think of his two-state-space model as a causally incomplete evolutionary model which has

just two variables (genotype and phenotype) in its state space and lacks any underlying

causal model (causal graph and structural equations). But the difference between the two

frameworks is rooted deeper in their respective views on evolutionary theory as a whole.

The main focus of Lewontin’s state space approach is laws of succession, which are usually

expressed as mathematical equations in evolutionary genetics. It is the presence of these

laws that assures a model’s predictive ability (or dynamic sufficiency, in his term) and

thus makes evolutionary genetics a valid science. In contrast, from the causal perspective

evolutionary equations are not only or even core ingredients of evolutionary theory: they

are just outcomes of certain causal assumptions, and more important to the theory are these

assumptions and the arts that connect them to the predictive mathematical equations.

The goal of this thesis was to establish this connection through causal models. The

systematic relationship enabled us to identify the causal foundations of evolutionary genetics

models, and to examine evolutionary implications of various causal mechanisms. But the

general framework presented above also suggests further research questions not covered by
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this thesis. The remaining sections discuss such open questions, in particular concerning a

model’s predictive performance (long-term predictions or robustness of predicted outcomes)

and the reciprocal relationship between evolution and development (e.g., Laland et al.,

2011). The discussions are intended to be suggestive rather than conclusive: my goal here

is to sketch possible research questions implied by the general framework obtained in this

thesis, rather than to give definite answers to each of these questions.

7.4 PREDICTION

Prediction is one of the most important tasks in studies of evolution. Breeders have a long

tradition of using a predictive model (such as the breeder’s equation!) to improve econom-

ically important traits such as milk yields of cows or various esthetic features of animals

as well as plants (Lush, 1937; Hill, 2014). Evolutionary biologists, on the other hand, have

applied the same or similar models to explain morphological, physiological or behavioral

diversity among natural populations or species (Lande, 1979; Endler, 1986; Arnold et al.,

2001). In either case, an effective breeding plan or a correct inference to the evolutionary

history hinges on the predictive ability of the model used therein. Hence it is important to

know what features of an evolutionary model affect its predictive accuracy.

The nature of predicting tasks, in particular the intended time span, depend on the

contexts. Breeders usually focus on short-term evolutionary responses, for example trait

values of offspring resulting from a particular cross. Since between-generation evolutionary

response is given by the Price equation, which in turns is determined by the causal structure

over parents and offspring (Chap. 3), such predictions are unbiased when all causal pathways

connecting the parental fitness and offspring phenotype are correctly identified. In other

words, the predictive accuracy of a short-term prediction hinges on the model’s causal

completeness, i.e., whether the causal model covers and correctly estimates all the important
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causal factors that may affect population change. The evolutionary models satisfying this

condition should give an accurate short-term prediction, for its state transition function

assumedly reflects all evolutionary factors operative in the population in question.

In contrast, inferences to the evolutionary past typically require predictions of longer

time periods, in the order of hundreds, thousands or more generations. Long-term pre-

dictions are usually obtained through recursive uses of an evolutionary model, repeatedly

applying the same predictive equation for a given time period (e.g., Lande, 1976, 1979).

This is a more challenging task, since, as stated above, the underlying causal model may

change through time (e.g. Lewontin, 1974b; Turelli, 1988; Glymour, 2006; Pigliucci, 2006).

If some components of the causal model, such as selective pressures or gene frequencies,

change in the course of evolution, as is likely in a long time period, a causally complete

model at one time may not be so at another, and this forbids the recursive use of the same

state transition function.

What is the feature of an evolutionary model that allows its recursive use? Beside the

causal completeness and the stability of the causal structure (E and F), the possibility of

recursion depends on the exogenous variables (U) in the causal model. This is because, as

we have seen throughout this thesis, evolutionary dynamics described by the Price equation

is a function of U. Hence the recursive use of an evolutionary model is permitted if, beside

the stability of the causal structure, Pt(U) is known for every generation t or calculated

from the previous generation by the state space model.5 An evolutionary model satisfying

this condition is called dynamically sufficient (Lewontin, 1974b). A dynamically sufficient

evolutionary model gives correct (unbiased) predictions of an evolutionary trajectory of

arbitrary length within the error margin determined by random drift.

5In fact, this requirement is too strong. What are needed are the moments of the probability distributions
of some subset of U that appear in the predictive equation. For the breeder’s equation, for example,
the necessary information is the covariance matrix of the genes, Var(X) (Chap. 3). In general, a linear
evolutionary model is dynamically sufficient if V∗ includes the first and second moments of U.
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Unfortunately, no realistic system is dynamically sufficient in the strict sense. One can

think of a variety of abiotic (e.g., temperature or precipitation) as well as biotic (predator

or prey abundance) factors that may affect the causal structure of an evolving population,

but these factors are usually outside the scope of a single evolutionary model. Moreover

there are even uncertainties about the studied population itself that are not traceable by an

evolutionary model. As emphasized above, predictions of an evolutionary change depend

on genetic frequencies, but typical quantitative genetics models do not track their change.

In practice, these unknown factors are assumed to be constant. Most population genetics

models assume constant selective coefficients (which implies constant genetic frequencies for

all loci that epistatically interact with the locus under study), and most quantitative genetics

models assume a constant heritability or G matrix. An important question then is to what

extent an evolutionary model is robust against deviations or fluctuations in these exogenous

factors. Given that we know these factors are unstable (e.g. Jones et al., 2003, 2004), how

much does the assumption of constancy impair the model’s outcome? This depends on

many factors including the nature of fluctuations, but particularly on the underlying causal

model, since this is what converts fluctuations in the exogenous variables into evolutionary

outcomes. Are there particular forms of causal structures that are robust against deviations,

and if so, is there any reason that we expect such structures in nature? It has been argued

that some kinds of homeostatic feedback, genetic redundancy, or developmental canalization

may buffer genetic and/or environmental fluctuations and contribute to the robustness of a

developmental process (e.g., Waddington, 1957; West-Eberhard, 2003). Niche construction

also may play a similar buffering role with respect to changing selective pressures (Laland

et al., 2000, 2013). The framework discussed above provides a means to formulate and

evaluate these hypotheses. If we find that these mechanisms, expressed as causal models,

actually provide sufficient buffers to external fluctuations, a failure to track exogenous
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variables may not pose a serious problem to a model’s dynamic sufficiency. Chapter 6

discussed evolutionary models for some of these mechanisms, but the main focus there was

short-term evolutionary responses. A study on long-term evolutionary implications of these

and other mechanisms may provide a useful insight for the predictive ability of evolutionary

models.

7.5 BEYOND REDUCTIONISM

The primary topic throughout this thesis was the causal foundations of evolutionary mod-

els. To this aim I have built causally complete evolutionary models for various evolutionary

mechanisms, including development, non-genetic inheritance, and niche construction. The

purpose of these derivations was to study how evolutionary trajectories arise from the respec-

tive causal foundations. In this sense, the approach taken in this thesis was reductionistic,

trying to reduce evolutionary dynamics to the underlying causes.

Can we think the other way around? That is, can evolutionary trajectories in the state

space determine the causal structure? The answer seems to be yes. The reductionistic,

uni-directional analyses of evolution cannot be the whole story, for one thing, organis-

mal structures are themselves products of evolution. Without evolution, there would have

been no niche-constructing behavior, no elaborated inheritance mechanism, no complex de-

velopmental structure, or even no development at all. We thus need an account of how

these causal structures arise in the course of evolution. That is, the full-fledged theory of

evolution must account for the evolution of causal structures. Such a theory will assume a

bi-directional or reciprocal relationship (Laland et al., 2011) between state space and causal

models, and study not only the causal bases of evolutionary dynamics but also changes in

these bases in the course of evolution.

How can such reciprocity be studied? I can not give more than a very rough sketch
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here. Evolution of a causal structure can be represented in the above framework as changes

in the causal model C, or more precisely in the causal edges E and the structural equations

F. One can think, for example, of a causal influence from one trait Z1 to another Z2 being

controlled by a certain locus X with two alleles {A, a}, such that Z1 causes Z2 if and only

if an organism’s genotype is AA. This, of course, is a case of epistasis, since now Z2 is

determined from a nonlinear interaction between Z1 and X. This suggests that evolution of

causal structures may be modeled as a specific form of epistasis. This introduces a feedback

relationship between the state space and the causal model, for if a causal relationship (in

the above example, Z1 → Z2) is a function of another variable (X), the causal structure of a

population at one time is determined by its location in the state space. Such an interaction

will also generate curvature in the state space in such a way that evolutionary response

or dynamics is no longer uniform over the entire state space, but “skewed” here and there

(Clark, 1991; Rice, 2004; Hether and Hohenlohe, 2013). This means, among other things,

that developmental constraints change as a population moves around the state space, or in

other words, constraints, or evolvability, can themselves evolve.

Evolution of evolvability thus highlights the reciprocal dependence between the causal

model and the state space model, where the causal determinant of evolutionary dynamics

at one time is a function of its evolutionary past. Are there general rules that govern

such feedback dynamics? Understanding interplays between the two models will not only

shed light on the concept of evolvability, but also help us to examine the robustness of the

traditional “reductionist” approach that assumes a constant causal structure. These tasks,

however, must be left for future studies.
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CHAPTER 8

CONCLUSION

If one asks an evolutionary theorist to name the most important concept in evolutionary

biology, her most likely answer would be “variation.” It is the variability in a population

that drives evolutionary changes. Ernst Mayr (1975) famously called this core essence of

the Darwinian theory population thinking. Most celebrated principles in evolutionary ge-

netics, including Fisher’s fundamental theorem of natural selection, the Price equation, and

Lewontin’s three conditions (Chap. 3), are formulated in terms of variance and covariance.

Swamped by this pervasive emphasis on variation, the concept of cause has been marginal-

ized or at best not so visible in the history of the modern evolutionary genetics. The

abstraction of causality enabled geneticists to develop mathematical formulae of evolution

without worrying about contingent idiosyncrasies of natural populations, but it also invited

an unfortunate disregard of developmental biology from evolutionary genetics. This is well

reflected in the following opening passage from Maynard Smith’s seminal book, Evolution

and the Theory of Games:

One consequence of Weismann’s concept of the separation of germ line and soma
was to make it possible to understand genetics, and hence evolution, without
understanding development. [...]. My own view is that development remains
one of the most important problems of biology, and that we shall need new con-
cepts before we can understand it. It is comforting, meanwhile, that Weismann
was right. We can progress towards understanding the evolution of adapta-

157



tions without understanding how the relevant structures develop. Hence, if the
complaint against the ‘adaptationist programme’ is that [...] adaptation cannot

(rather than ought not to) be studied without an understanding of develop-
mental constraints, I am much less ready to agree (Maynard Smith, 1982, p.
6).

Today, fewer biologists would agree with Maynard Smith. The relevance of developmen-

tal processes to adaptive evolution has been well documented by a number of studies in

evolutionary developmental biology or Evo-Devo. Facing such evidence, it seems no longer

tenable to claim that we can “progress towards understanding the evolution of adaptations

without understanding how the relevant structures develop.” Despite this impending ne-

cessity, however, evolutionary genetics has been slow to incorporate the knowledge about

development into its mathematical machinery. One can think of two possible reasons for

this. First is that the strong emphasis on variation and other statistical features of popu-

lations in the evolutionary thinking has kept the mind of evolutionary biologists away from

causal structures. Second, the lack of a formal framework to represent causal relationships

and to study the connection between causality and probability prevented one from modeling

the causal bases of evolutionary phenomena.

To overcome these difficulties, this thesis introduced the causal modeling technique

developed in the past few decades to address various conceptual as well as theoretical

problems in evolutionary biology. The causal models provide explicit definitions of the

causal foundations for the standard evolutionary genetics models, including the breeder’s

equation, the Lande equation and the one-locus population genetics model (Chap. 3). The

same technique can also be used to extend the basic models in order to study various

evolutionary mechanisms, including development or inter-phenotypic causation (Chaps. 4

and 5), non-genetic inheritance, and ecological interactions (Chap. 6). These analyses led

us to a general meta-scientific representation of evolutionary theory that captures both

kinematic and dynamic aspects of evolution (Chap. 7). The new formalism given in this
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thesis provides a unified framework to connect the knowledge about individual-level causal

relationships to inferences of population-level evolutionary changes, thereby integrating the

proximate and ultimate causes of evolution. Although the resulting picture of evolution

under this framework may be more complex and thus less “comforting” than Maynard

Smith hoped for, it also opens up new research directions for the study of evolutionary

dynamics.
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APPENDIX

A. DERIVATION OF PRICE EQUATION (CHAP. 3)

Below is a reproduction of the derivation of the Price equation, originally appeared in

Robertson (1966) and Price (1970). Imagine a parental population of N organisms each of

which may or may not reproduce. Offspring and surviving parents form offspring population.

We are interested here in the linear evolutionary change, i.e., the shift in the phenotypic

mean between the parental and offspring populations. To derive the Price equation, we use

the following symbols, which are defined in the main text but reviewed here for convenience:

• wi: Number of offspring (called absolute Darwinian fitness) of individual i.

• zi: Phenotypic value of individual i.

• z′ij : Phenotypic value of the jth offspring of individual i.

• z′i•: The average phenotypic value of offspring of individual i, that is,
∑wi

j=1 z′ij/wi.

Then the mean phenotypic value of the offspring population is

∑N
i=1

∑wi

j=1 z′ij
∑N

i=1 wi

=

∑N
i=1 wiz

′
i•

∑N
i=1 wi

=

∑N
i=1 wiz

′
i•/N

∑N
i=1 wi/N

=
WZ ′

•

W
(A.1)
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where an upper bar denotes the mean over the parental population. The difference between

the mean of parental population and that of offspring population, denoted by ∆Z, is

∆Z :=
WZ ′

•

W
− Z

=
WZ ′

• −W · Z ′
•

W
+ Z ′

• − Z,

and from the definition of covariance Cov(X,Y ) = XY −X · Y ,

=
1

W
Cov(W,Z ′

•) + Z ′
• − Z. (A.2)

B. EVOLUTIONARY CHANGE UNDER PHENOTYPIC

CAUSATION (CHAP. 5)

This appendix derives the evolutionary equation that takes into account inter-phenotypic

causation (Eqn. 5.10). To derive the Lande equation in Chapter 3 we noted that any trek

connecting the parental fitness and an offspring phenotype Z ′
l has the form W ← Zi ← Xj ↔

Xk → X ′
k → Z ′

l . With inter-phenotypic causation, genetic effects on phenotypes may be

indirect, mediated through more than one trait. A trek connecting fitness W and offspring’s

trait Z ′
r thus now should look like: W ← Zi L99 Zj ← Xk ↔ Xp → X ′

p → Z ′
q 99K Z ′

r where

dashed arrows represent directed paths containing only Z or Z′. Its trek coefficient is

βi λ∗
ij αjk Cov(Xk,Xp)

1

2
αqpλ

∗
rq
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where λ∗
ij is the total effect of Zj on Zi. Considering there are two routes, female and male,

connecting W and Z ′
r, the trek sum is:

Cov(W,Z ′
r) =

∑

i

∑

j

∑

k

∑

p

∑

q

βiλ
∗
ijαjk Cov(Xk,Xp)αqpλ

∗
rq

= Λ∗T
r αT(I⊗Var(X))αΛ∗β (B.1)

where Λ∗
r is the rth column of Λ∗ (see also Eqn. 3.13). Noting Λ∗ := (I−Λ)−T we get

Cov(W,Z′) = (I−Λ)−1αT(I ⊗Var(X))α(I −Λ)−Tβ. (B.2)

Substituting this into the multivariate Price equation yields Eqn. 5.10.
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