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Abstract
Early life conditions can have profound effects on individual health, longevity, and biological fitness. Two classes of hypotheses are used to explain the evolutionary origins of these
effects: developmental constraints (DC) hypotheses, which focus on the deleterious effects of
low-quality early-life environments, and predictive adaptive response (PAR) models, which focus on organisms’ predictions about their adult environment, phenotypic adaptations based on
that prediction, and the deleterious consequences of incorrect predictions. Despite their popularity, these ideas remain poorly defined. To remedy this, we provide mathematical definitions
for DC, PARs, and related concepts, and develop statistical tests derived from these definitions. We use simulations to demonstrate that PARs are more readily detected by tests based
on quadratic regressions than by tests based on more commonly used interaction regression
models. Specifically, quadratic regression-based tests on simulated data yield 90.7% sensitivity and 71.5% specificity in detecting PARs, while interaction-based tests yield sensitivity and
specificity roughly equal to chance. We demonstrate that the poor performance of interaction
models stems from two problems: first, they are mathematically incapable of detecting a central
prediction of PAR, and second, they conceptually conflate PARs with DC. Our results emphasize the value of formal statistical modeling to reveal the theoretical underpinnings of verbal
and visual models, and their importance for helping resolve conflicting and ambiguous results
in this field of research. We conclude by providing recommendations for how researchers can
make use of explicit definitions and properly-aligned visualizations and statistical tests to make
progress in this important research area.
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Introduction
Early life adversity is associated with a wide variety of negative outcomes in adulthood, including
poor health, short lifespans, and low biological fitness. This phenomenon has generated interest
from many academic fields, including public health [58, 41], medicine [15, 45], psychology and
psychiatry [12, 50, 29], biology [9, 53], sociology [28, 18], economics [10, 49], and ecology and
evolution [23, 40]. The widespread observation of early life effects, which have been documented in
species ranging from plants to insects to humans [16, 3], has led to two evolutionary theories that
connect early life experiences to later life outcomes (e.g. adult health, disease risk, and longevity, to
name but a few; reviewed in [31, 34, 35]. The first theory, the developmental constraints hypothesis
(also known as the silver spoon hypothesis [38, 43]), posits that harsh conditions in early life lead
to adaptive trade-offs during development. These trade-offs promote survival during development,
but come at the expense of later-life phenotypic quality, health, and disease risk [60, 35]. The
second, the predictive adaptive response hypothesis, proposes that organisms use their early life
conditions to predict the quality of their adult environment and adjust their developmental tradeoffs accordingly. [24, 43, 46]. Under this model, incorrect ”guesses” about the future lead to poor
health outcomes during adulthood. Organisms may predict their external environment (commonly
referred to as an external PAR (ePAR), or the quality of their own somatic state (an internal PAR
(iPAR) [48, 46, 6, 22]).
The developmental constraints (DC) and predictive adaptive response (PAR) hypotheses address how two different phenomena affect adult outcomes. The DC hypothesis primarily makes
predictions about the effect of an organism’s starting point (i.e., the quality of their developmental
environment) on adult outcomes (Figure 1a). Specifically, it proposes that a poor-quality developmental environment will lead to worse outcomes in adulthood [43]. In contrast, PAR hypotheses are
primarily about the effects of change in the environment (more specifically, a correct or incorrect
prediction about this change) on adult outcomes (Figure 1b). Though there are several flavors
of predictive hypotheses [34], all propose that organisms use cues available during development
to make predictions about some feature of adulthood (e.g., what their adult environment will be
like, or what their own somatic state will be). The worse the prediction, the worse an organism’s
outcomes in adulthood will be [4, 24].
The two theories are not mutually exclusive because adult outcomes can simultaneously be determined by the quality of the developmental environmental and how well organisms predict some
feature of adulthood [20, 5]. For example, depending on the size of the effects of developmental
constraints, organisms who start off in low-quality environments may always fare worse than those
who start in high-quality environments, even if both also fare worse if there is a bigger mismatch
between their developmental and adult environments (Figure 1c). In addition, higher-quality adult
environments may also yield better outcomes, independent of any effects of developmental environment or how well an organism predicted their adult environment [44, 52]. This is called the adult
environmental quality hypothesis (AEQ) [43].
Currently, most empirical studies on humans and other mammals support the DC hypothesis
and not PAR hypotheses [reviewed in 34]. However, it is difficult to know what conclusions to
draw from this pattern, in part because the literature often does not clearly delineate when these
and related hypotheses (e.g., AEQ) do and do not generate distinguishable predictions. Further,
we contend that the literature is increasingly reliant on empirical tests that conflate, rather than
separate, the two phenomena. To remedy these problems, we provide mathematical definitions
for the DC, PAR, and AEQ models. We then explicate several conceptual issues that constrain
any empirical tests of these hypotheses, as well as problems that are specific to statistical tests
that rely on interaction effects (e.g., interactions between developmental and adult environments
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Figure 1: Illustration of the two dominant evolutionary theories for the observed relationship
between developmental environments and adult outcomes.

Notes. 1a: The primary prediction of the developmental constraints (DC) hypothesis is that, controlling for adult
environmental quality, low-quality developmental environments will result in worse adult outcomes (e.g., health or
longevity) than high-quality ones. 1b: The primary prediction of the most common version of the predictive adaptive
response (PAR) hypothesis is that, controlling for adult environmental quality, the worse the match between an
organism’s developmental environment and its adult environment the worse its adult outcomes will be. The center of
the x-axis (0) represents a perfect match between developmental and adult environment. The left-hand side (-1) would
represent an organism who predicted the highest-possible quality adult environment (based on their developmental
environment) but ended up in the lowest-possible quality environment. The right-hand side (1) would represent an
organism who predicted the lowest-possible quality adult environment (based on their developmental environment)
but ended up in the highest-possible quality environment. Organisms who have a moderate-quality developmental
environment can find that their adult environment is either worse or better than their development-based prediction
(represented by -0.5 and 0.5, respectively), but are limited in how wrong their prediction can be in either direction.
That is, if environmental quality is bounded between 0 (worst) and 1 (best) as in Figure 1a and an organism
predicts 0.5, then the possible range of prediction errors is -0.5 to 0.5. 1c: Both the DC and PAR hypotheses can
simultaneously be true. Organisms who experience low-quality developmental environments can have worse outcomes
relative to those who experienced high-quality developmental environments, and organisms can fare worse the greater
the difference between their developmental and adult environments.

or developmental environments and phenotypes). Finally, we outline new empirical tests that are
consistent with the predictions derived from our mathematical models. We use simulations to
compare the sensitivity and specificity of these new tests to tests that are often used in the existing
literature. We conclude by providing guidance on when and how researchers can implement these
tests using their own data.

Mathematical definitions and predictions
The DC and PAR theories have suffered from ambiguity about the precise phenomena under consideration. Here we solve this problem by mapping descriptions of the DC and PAR theories, along
with necessary related concepts, to mathematical definitions and theoretical predictions. The goal
of this exercise is to highlight and make explicit assumptions that are often left implicit. For convenience, our definitions and predictions are summarized in Table 1. To simplify our exposition, we
assume the functions that map environment, adaptation errors, or prediction errors to outcomes
are differentiable. Our analysis can easily be extended to non-differentiable functions.
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Table 1: Formal definitions and derived predictions of theories for the relationship between the
quality of developmental environments and adult outcomes.
Theory
Developmental
Constraints (DC)

Definition
∂y1
∂e0

Predictive Adaptive
Response (PAR)
Phenotypic
adaptation test
Environmental
mismatch test
Developmental
Adaptive
Response (DAR)
Adult Environmental
Quality (AEQ)*

>0

Observable
Variation
(y1 , e0 )

Prediction or Test
(Eqn. No.)
∂y1
∂e0 > 0
(1)

E(e1 ) = e0
∂p
∂E(e1 ) < 0
∂ 2 y1
∂p∂e1

<0
(e0 , p)
(y1 , |∆e|)

∂p
∂e0 < 0
∂ 2 y1
∂p∂e1 < 0
∂y1
∂e1

(see PAR)

>0

(y1 , e1 )

∂p
∂e0

<0
(5)
∂y1
∂|∆e| < 0
(7)
(see PAR)
∂y1
∂e1

>0
(11)

Notes. y0 = developmental outcome; y1 =outcome in adulthood; e0 =developmental environment; e1 =adult
environment; E(e1 )=adult environment the organism expects; ∆e=difference between developmental and adult
environments. Definitions assume a differentiable function that maps from environment or discrepancy between
environment and adapted-to environment to outcomes. Theories are described in detail in the “Mathematical
definitions and predictions” section.

Developmental constraints
The DC hypothesis proposes that low-quality developmental environments will lead to worse outcomes in adulthood, relative to high-quality developmental environments [43, 25]. There are many
examples of this in the real world. For example, Drosophila who experience nutritional stress during
development are smaller and have lower egg viability in adulthood than those who do not [30].
DC is described by a simple causal chain:
(1) Experience low-quality developmental environment1
↓
(2) Exhibit poor adult health/fitness outcomes.

Mathematically, this phenomenon can be represented as:
y1 = f (e0 ) where ∂y1 /∂e0 > 0

(1)

where y1 is adult outcomes (e.g., health or longevity), f is a decreasing function, and e0 is developmental environment. Higher values of y1 and e0 indicate better outcomes or higher-quality
environments, respectively. DC is verifiable with observable data, so it can be directly tested.
1
Although DC typically focuses on external developmental environments, the hypothesis could theoretically be
extended to internal states, mirroring the distinction that is drawn between external and internal PARs. However,
we will focus on DC application to external environments.

3

bioRxiv preprint doi: https://doi.org/10.1101/2022.02.10.479998; this version posted February 11, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

PAR-related theories
In addition to defining the PAR hypothesis, our goals in this section are to 1) connect PAR to a
related theory, the mismatch hypothesis; 2) define the theoretical (as opposed to empirical) tests
for PAR; 3) describe variants of PAR; and 4) outline the relationship between PAR and the often
empirically indistinguishable developmental adaptive response (DAR) hypothesis.
In its most general form, the PAR hypothesis proposes that organisms adapt to (i.e., adopt
phenotypes optimized for [66]) their expected adult environment. A widely-cited example occurs
in meadow voles. Young voles who mature in colder temperatures are born with thicker coats than
those who mature in warmer ones, even if their uterine environments are identical temperatures [36].
This is an example of a predictive adaptive response because the benefit of the adaptation—i.e.,
the thick coat phenotype—primarily accrues in adulthood.
A related theory, the mismatch hypothesis, is ubiquitous in the evolutionary health literature2
[21, 22, 57, 19]. It posits that the more closely the environment at life-history stage k matches the
environment to which the organism is adapted at stage k, the better off an organism’s outcomes at
stage k will be. An example of this occurs in Bicyclus anynana butterflies, who have higher survival
rates if the temperature and rainfall of their adult environments is similar to the temperature and
rainfall of their developmental environments [8].
The causal chain that motivates both the PAR and mismatch hypotheses is expressed as a set
of four steps, which we will repeatedly refer to as we develop our mathematical argument:
(1) Experience low-quality developmental environment
↓
(2) Predict low-quality environment in adulthood
↓
(3) Adopt phenotypic adaption to low-quality adult environment
↓
(4) Exhibit best health/fitness outcomes in low-quality adult environment.

While this description focuses on low-quality environments, it can be reversed for high-quality
environments. In each step, internal state can be substituted for external environment3 ; later, this
modification will enable us to distinguish internal and external PAR. Until then, we will focus on
the external environment to simplify exposition.
Each step in the above chain is functional. The mechanism of PAR is captured by steps 2 to 3:
the organism’s prediction about its adult environment causes it to develop phenotypic adaptations
to that environment. Step 4 is required to complete the logic of PAR: the organism adopts the
phenotypic adaptation to a low-quality adult environment because doing so improves health and
fitness outcomes in adulthood, relative to not adopting the phenotype. The purpose of step 1 is to
enable taking PAR to data. It is difficult to measure organisms’ predictions. Step 1 posits a model
for formulation of an organism’s predictions which has an input—developmental environment—that
is observable.
The steps outlined above can be mapped to mathematical expressions. At its core, PAR is
2

Though it will be used here in a developmental mismatch context, it is generalizable to evolutionary mismatch
[22]: conditions during some historical time period would replace the developmental environment, and some point in
an organism’s lifespan would replace the adult environment.
3
The internal PAR hypothesis proposes that organisms use their external environment during development to
predict their somatic state in adulthood [48, 46], but there is little reason to believe that internal state during
development could not also be used to predict internal state in adulthood. Somatic state could theoretically be
substituted for external environment either at e1 only, or at e0 and e1 .
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defined by two propositions. The first captures steps 2 to 3:
p = f (E(e1 )), where ∂f /∂E(e1 ) < 0

(2)

where p is a phenotypic adaptation to a low-quality environment and e1 is the quality adult environment. This equation says that predicting a higher-quality environment reduces the degree of
adaptation to a low-quality environment (or stops it altogether, if the phenotypic adjustment is
binary). The second proposition captures steps 3 to 4:
y1 = g(p, e1 ), where ∂ 2 y1 /∂p∂e1 < 0,

(3)

i.e., adapting to a low-quality adult environment yields worse outcomes as adult environmental
quality improves. Together, these two propositions formalize steps 2 to 4.
In order to make PAR testable, we must also formalize step 1, i.e., the assumption that the
organism predicts its adult environment will be the same as its developmental environment:
E(e1 ) = e0

(4)

This claim is not essential to defining PAR. However, we include it because, in contrast to the organism’s prediction, the developmental environment is observable. This makes the PAR hypothesis
falsifiable.
Tests for PAR
There are two basic strategies for testing PAR: phenotypic adaptation tests and mismatch tests.
Both of these strategies are implied by our mathematical models, and are used in the literature.
The first strategy—phenotypic adaptation tests—focuses on the mechanism of PAR, i.e., the
mechanism that produces an organism’s phenotypic adjustment (e.g., the molecular basis of wing
spot pattern development in Bicyclus anynana butterflies when they live in wet versus dry environments [8]). We refer to the phenotypic adjustment as “the mechanism” because this is how
organisms get from predictions to presumptively better outcomes. To understand the specific tests
implied by this phenotype-focused strategy, we can collapse the three equations that capture PAR
(Eqs. 2, 3, and 4) above into two different expressions. The first expression is obtained by plugging
steps 1 to 2 of our causal chain (4) into steps 2 to 3 (2) to obtain
p = f (e0 ), where ∂f /∂e0 < 0

(5)

This equation says that low-quality developmental environments cause phenotypic adaptations to
low-quality adult environments. The second expression is simply steps 3 to 4, (i.e., (3)), which
says that a phenotypic adaptation to a low-quality environment improves adult outcomes in that
environment. Each of these two expressions implies a separate test for PAR that makes use of data
on phenotypic adaptations.
The second strategy for testing for PAR—mismatch tests—ignores information about the mechanism and relates to the mismatch hypothesis. Specifically, it plugs the first expression above (5)
into steps 3 to 4 (3) to connect developmental and adult environment, without reference to any
specific phenotypic “choice:”
y1 = g(f (e0 ), e1 ), where
∂ 2 y1
∂ 2 y1
∂p
=
<0
(−∂e0 )∂e1
(−∂p)∂e1 ∂e0
5

(6)
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This equation gives both the definition and the test of the mismatch hypothesis. To see why, it
helps to evaluate the function at the point where e0 = e1 . From here, a concomitant decrease
in developmental environmental quality and an increase in adult environmental quality (or vice
versa) increases the mismatch between developmental and adult environments, leading to worse
outcomes.4 The aforementioned definition of the mismatch hypothesis is awkward because it relies
on a cross-derivative and perhaps restrictions on (e0 , e1 ) (from note 4). Therefore, we simplify the
mismatch hypothesis as follows:
∂y1 /∂|e1 − e0 | < 0

(7)

Now, the hypothesis states that adult outcomes decline as the gap between developmental and
adult environments increases.
The first strategy—tests of phenotypic adaptation—is a stepping stone to the second, so we
presented it first. For further treatment of this first strategy, refer to the appendix. We now
focus exclusively on the second strategy—mismatch tests—because it is commonly invoked in the
literature.
Variants of PAR
Although the above descriptions of PARs and the mismatch hypothesis align with the most common
variants found in the literature, one can define alternative versions that are also cohesive. Here
we discuss one prominent variant, the internal PAR model. In the appendix we discuss two other
versions that could easily be defined: (i) a version that predicts adult environments will be different
than developmental environments, and (ii) a version that posits that overly optimistic and overly
pessimistic predictions have differential effects.
The internal PAR model distinguishes between the external environment and internal state of
the organism [65, 48, 46, 64]. One can capture this version of PAR with steps 1-4 of our causal
chain by replacing either e1 only or both e0 and e1 (note 17) with an organism’s internal state
in the relevant life stages [46]. The testable predictions remain as in (5) or (7) so long as an
organism uses its developmental environment (or its developmental somatic state) to predict its
future somatic state. A major challenge to distinguishing internal from external PAR, however, is
that when internal states are influenced by external environments—the premise upon which the
internal PAR theory is based—observed differences in the former may simply reflect unobserved
differences in the latter.
In the literature, tests for internal PAR have focused on phenotypic adaptations, while tests for
external PAR have focused on environmental mismatch [46]. However, given that the definitions of
the concepts are the same except for re-defining one or both of the e terms (note 17), this distinction
has no theoretical justification. External PAR can be tested using a phenotypic adaptation strategy
((5), which we discuss in the appendix), and internal PAR could be tested using mismatch (7).
Developmental adaptive response
The developmental adaptive response (DAR) model is theoretically distinct—but often not empirically distinguishable—from PAR. DAR posits that organisms adapt to their developmental environ4

A technical caveat: opposite sign changes can decrease the mismatch if one starts from where e0 > e1 . Therefore,
the mismatch hypothesis may require the assumption that e0 ≤ e1 to be a valid test of PAR. When that is not true,
mismatch may be true but needs a theoretical justification aside from PAR. This is related to the limited environments
in which one can test for PAR listed in Table 2.
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ment5 . This theory captures a common alternative explanation for observations that mismatched
developmental and adult environments may lead to poor outcomes, namely that an organism may
adapt to its developmental environment not because that environment is its best prediction of its
adult environment, but because its goal was simply to adapt to its developmental environment
[4, 54, 34]. One example of a DAR comes from water fleas, who acquire a protective “helmet”
when they receive signals that they will be in a predator-rich environment [7]. This is considered a
DAR, rather than a PAR, because the fleas benefit immediately from their phenotypic adjustment
[24]. DARs are not merely distinct from PARs, but depending on circumstance, can be mutually
exclusive. However, DARs can generate the same prediction as PARs, which makes distinguishing
the theories difficult.
The causal chain that motivates DAR is described by the following three steps:
(1) Experience low-quality developmental environment
↓
(2) Adopt phenotypic adaption to low-quality
developmental environment
↓
(3) Exhibit best health/fitness outcomes if adult environment is low-quality.

The only difference between DAR and PAR is the removal of the prediction in the causal chain
for PAR (i.e., step 2 in that chain). The organism is adapting to the developmental environment,
which is directly observable, and thus no prediction is necessary. As with PAR, we could replace
environment with internal state to define an internal variant of DAR.
Two mathematical formulas define DAR. Steps 1 and 2 of the DAR causal chain are captured
by
p = f (e0 ), where ∂f /∂e0 < 0.

(8)

That is, phenotypic changes are a direct response to the developmental environment. The same is
true for PAR, except that the developmental environment matters indirectly because it is used to
predict the adult environment. Steps 2 and 3 for DAR imply
y1 = g(p, e1 ), where ∂ 2 y1 /∂p∂e1 < 0.

(9)

That is, phenotypic adaptations to a low-quality developmental environment harm adult outcomes
when the adult environment is high- rather than low-quality. This claim is the same as steps 3 and
4 of the PAR causal chain.
The similarity between the equations for DAR (8, 9) and PAR (2, 3) highlight the difficulty of
distinguishing DAR from PAR. DAR’s first proposition is identical to the first test for PAR in (5).
If we plug the first DAR equation into the second, the result,
y1 = g(f (e0 ), e1 ), where
∂ 2 y1
∂ 2 y1
∂p
=
<0
(−∂e0 )∂e1
(−∂p)∂e1 ∂e0

(10)

is identical to the mismatch hypothesis (6) that flows from PAR.
There are, however, some circumstances in which it is possible to distinguish DAR and PAR.
If the phenotypic adaptation for DAR is different than for PAR, i.e., one examines an adaptation
5

The term immediate adaptive response is in use elsewhere in the literature [e.g., 5, 69]. Because it is often used
as a synonym for developmental constraints, we deliberately avoid using it here.
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that is only useful in early life, then one can test for DAR but not PAR. Likewise, an adaption
only useful during adult life can be used to test for PAR but not DAR. An example of this would
be wing polyphenisms in locusts. Wing phenotype varies between adult morphs depending on
the developmental environments larvae are exposed to, but the wing adaptations—which are not
expressed until adulthood—clearly have no benefit during the larval phase [2, 51, 59, or for a more
general treatment of such polymorphisms, see [67]]. Note that this approach to distinguishing
DAR and PAR requires the use of a phenotypic adaptation test. The mismatch test yields the
same prediction for DAR and PAR because it does not examine phenotypic adaptations.
Because a primary goal of this paper is to address the conceptual framing of the literature on
DC and PARs, hereafter we will refer to the prediction that a mis-fit between an adaptation and
adult environment leads to worse adult outcomes as PAR rather than DAR, even though the two
are empirically indistinguishable with a mismatch test.

Adult environmental quality hypothesis
Finally, the AEQ hypothesis says that a higher-quality adult environment will result in better adult
outcomes, i.e.,
∂y1 /∂e1 > 0.

(11)

Conceptual issues in testing models
Three conceptual issues are central to any empirical tests of the DC, PAR, and AEQ hypotheses:
the non-independence of e0 , e1 , and ∆e; overlap in empirical predictions; and the non-mutually
exclusive nature of the theories. Here we explicate each of these issues in turn.

Issue 1: Non-independence of e0 , e1 , and ∆e
First, it is impossible to independently vary early life and adult environments in a way that allows
us to conduct independent tests of DC, PAR, and AEQ. An experimental paradigm would vary e0
to test the effects of developmental environments on adult outcomes (i.e., DC), vary e1 − e0 (=∆e)
to test the effects of the match between developmental and adult environments on adult outcomes
(i.e., PAR), and vary e1 to test the effects of adult environmental quality on adult outcomes (i.e.,
AEQ). However, one cannot vary e0 or e1 without simultaneously varying ∆e. For example, if
we hold e0 constant but increase e1 , one cannot determine if an observed change in outcomes is
associated with an increase in e1 or a increase in the change in environment ∆e because an increase
in adult environment mechanically necessitates an increase in the change in environment. This
means that if one is testing for DC and for PARs, one cannot usually test the AEQ hypothesis6 .
To deal with this problem7 in a way that does not arbitrarily prioritize the ability to test one
hypothesis over another, researchers will benefit from specifying a data generating process [13]; that
is, researchers should explicitly state the relationships between early life and adult environments
and differences between the two, and decide which of these is/are exogenous to the theoretical
model (i.e., independent of the model’s structure), and which are endogenous to the model (i.e., a
byproduct of the exogenous variation, not independent of the exogenous component). Specifying
6

The inability to independently vary the triggers for the three hypotheses usually precludes testing all three, but
there is one narrow exception that capitalizes on differences in predictions generated by symmetric versus asymmetric
PARs. It is discussed in the appendix (Figure S1).
7
Statisticians and economists call this an identification problem.
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Table 2: Predicted relative health or fitness outcomes for organisms experiencing various early-life
and adult environmental quality combinations, depending on whether the outcomes are generated
by developmental constraints (DC), predictive adaptive responses (PARs), or both DC and PARs
acting together.
Environment
HL vs HH
HL vs LL
HL vs LH
HH vs LL
HH vs LH
LL vs LH

Only DC
is true
HL = HH
HL > LL
HL > LL
HH > LL
HH > LH
LL = LH

Only PAR
is true
HL < HH
HL < LL
HL = LH
HH = LL
HH > LH
LL > LH

Both DC &
PAR are true
HL < HH
Ambiguous
HL > LL
HH > LL
HH > LH
LL > LH

Implication
If HL ≥ HH, can reject PAR & both
If HL >(<) LL, DC more (less) powerful than PAR
If HL ≤ LL, can reject DC & both
If HH ≤ LL, can reject DC & both
If HH ≤ LH, can reject all theories
If LL ≤ LH, can reject PAR & both

Notes. H = high-quality environment, L = low-quality environment. The first letter in every pair represents the organism’s developmental environment, while the second represents their adult environment. E.g., row
one compares individuals who had high-quality developmental but low-quality adult environments (HL) to those
who had high-quality environments for their whole lives (HH) (the first column). It then explicates the predictions
that follow if only DC were true (second column), only PARs were true (third column), or both were true (fourth
column). < and > signs refer to which organism would have a worse or better outcome in adulthood under the given
hypothesis, respectively.

this data generating process is important because only hypotheses that concern the exogenous
variation are testable. The data generating process that best represents the biological phenomenon
of interest here is that “nature” (defined very broadly as environment, genetics, or some combination
of the two) determines e0 and ∆e, and that these set points collectively generate e1 via the formula
e1 = e0 + ∆e. This specification allows us to test DC and PAR, but not AEQ. An alternative
assumption—that e1 is set by ”nature,” but that ∆e is simply a byproduct—seems less defensible,
because time moves linearly: e0 and ∆e come prior to e1 , so it is unlikely e1 causes either e0 or ∆e.
Researchers could assume a different data generating process, but for any data generation process,
only two of the three hypotheses will be testable.

Issue 2: Overlapping predictions
A second difficulty is that the DC, PAR, and AEQ hypotheses only generate divergent predictions
under specific circumstances (Table 2). Even if we only examine 2 of the 3 hypotheses, e.g.,
DC and PAR, only certain types of variation in developmental and adult environments allow us
to distinguish one theory from the other (Table 2). Specifically, PAR is not testable without
variation in both the developmental and the adult environment [34, 26, 54]. There is no test
that can distinguish PAR from DC unless some subjects experience matching conditions and some
experience non-matching conditions.
Relatively few observational studies can meet this challenging requirement, especially studies of
human subjects. For example, the canonical studies of the Dutch Hunger Winter [55] and Leningrad
Siege [61] only contain information on the conditions in the fifth and second rows of Table 2,
respectively (though the degree to which adult environments matched developmental environments
in Leningrad is open to interpretation [4]). One implication of this is that far fewer human data
sets than animal data sets are suitable for distinguishing PAR from DC because it is relatively rare
to have access to subjects in all the necessary developmental and adult conditions [but see, e.g.,
26, 27, 47, 33, 57, for exceptions].
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Issue 3: Non-mutually exclusive theories
A third difficulty is that the DC, PAR and AEQ theories are not mutually exclusive. Any combination of them could be true at the same time. An implication of this fact is that univariate models
without higher-order polynomial terms (e.g., interacting and squared variables) may not be able to
distinguish which theories are true. Consider the following simple, empirical model of outcomes:
y1 = F (|e1 − e0 |) = β|e1 − e0 | + e.

(12)

This is an empirical model in the sense that it seeks to correlate adult outcomes with the mismatch
between early life and adult environments. We differentiate this model from the theoretical models
in the previous section by using capital letters to define the function. Suppose, however, that
both DC and PAR are true. Specifying the empirical model as above does not simply control for
or eliminate the influence of DC just by excluding a separate e0 term. Therefore, the estimated
coefficient will suffer omitted variable bias and not equal the partial derivative of adult outcomes
with respect to mismatch (∂y1 /∂|e1 − e0 |):
E(β̂) = β + γ0 δ0d ,

(13)

where γ0 is equal to ∂y1 /∂e0 and δ0d is the coefficient from a regression of |e1 − e0 | on e0 . A similar
problem afflicts any empirical specification that does not allow all plausible models to be true.

Issues with a popular visualization and testing strategy
One popular empirical approach for implementing the mismatched environment8 test for PARs relies
on estimating a regression with interaction effects between developmental and adult environmental
quality9 [e.g. 14, 27, 26, 32, 11, 63, 33, 52, 42], i.e.,
y1 = β + β0 e0 + β1 e1 + β01 e0 e1 + u,

(14)

where u is a regression error term. We will hereafter refer to this equation as the interaction
regression.
The test for DC with such a model focuses on the coefficient on e0 , while the test for a PAR
focuses on the coefficient on the interaction term β01 . This strategy is in part motivated by
conceptual visualizations in the literature like the one depicted in Figure 2. These visualizations
plot adult outcomes against adult environmental quality separately for organisms who experienced
different developmental environments [e.g., 43, 52]. Failing to reject the hypothesis that β01 = 0 is
interpreted as evidence for DC (Figure 2a), while rejecting the hypothesis that β01 = 0 is interpreted
as preliminary evidence for a PAR.
Because it is difficult to map the sign of the interaction term to a positive or negative effect of a
change in environment, interpretation of β01 involves visualizing the interaction effect. Specifically,
8

The literature also sometimes uses the term mismatch to refer to a mismatch between actual adult environment
and the phenotype chosen based on expected adult environment [68]. We are referring to the mismatch between
developmental environment and adult environment, consistent with our definition in the Mathematical Definitions
and Predictions section.
9
We will primarily refer to the structure of models used to evaluate external PAR (aka informational adaptive
developmental plasticity [46]). An internal PAR (aka somatic-state based adaptive developmental plasticity) test
may interact the developmental environment with the presence of a phenotypic feature that is thought to be adaptive
[46]. The conceptual overlap between these hypotheses is discussed in the Mathematical Definitions and Predictions
section, and the specifics of tests that rely on environment/phenotype interactions in the appendix.
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Figure 2: Commonly-used depictions of empirical evidence for the developmental constraints (DC,
2a) and predictive adaptive response (PAR, 2b) hypotheses.

Notes. 2a As adult environmental quality improves, outcomes for those who experienced both high and low-quality
developmental environments improves. However, those who started in low-quality developmental environments always
fare worse than peers who started in high-quality environments. 2b In low-quality adult environments, organisms
who experienced “matching” (i.e. similarly poor) environments during development and in adulthood have better
outcomes; in high-quality adult environments, those who experienced high-quality developmental environments fare
better. These depictions manipulate both the starting point (i.e., the variable developmental constraints theory
is concerned with) and how well the developmental and adult environments match (i.e., the variable predictive
adaptive response theory is concerned with) simultaneously, making it difficult to distinguish the two. Moreover, the
x-axis is the variable that the adult environmental quality hypothesis (AEQ) tests, i.e., that adult environmental
quality impacts adult outcomes, regardless of developmental environment or how well the developmental and adult
environments match.

if the line for organisms with high-quality developmental environments crosses from below the
line for organisms with low-quality developmental environments (as in Figure 2b), this pattern is
interpreted as evidence for a PAR, because organisms whose developmental and adult environments
“match” do better than those in a “non-match” condition10 .
It is true that Figure 2b is consistent with predictions derived from the PAR hypothesis: organisms in low-quality adult environments who experienced low-quality developmental environments
do better than those that had high-quality developmental environments and vice versa. It is also
consistent with the AEQ hypothesis (11), since all organisms do better as their adult environmental
quality improves.
However, any visualization that has the same axes as Figure 2 suffers from a fundamental
problem: it is manipulating two variables simultaneously—developmental environment (implicitly,
DC) and match/mismatch (PARs)—making it difficult to determine which variable is responsible
for the observed effect. For example, on the right-hand side of Figure 2 (where the quality of the
adult environment is high), the organisms represented by the dashed line started off in a low-quality
environment, which might account for their worse outcomes relative to organisms represented by the
solid line. However, they are also in an adult environment that does not match their developmental
environment (i.e., they experienced change). The organisms represented by the solid line had a
high-quality developmental environment, but they are also in an adult environment that matches
10

If the low-quality developmental environment line merely has a lower slope than the high-quality developmental
line, the plot can be interpreted as evidence for a PAR: the lines do not need to cross, and indeed may be likely not
to if developmental constraints are also at work [e.g., 43].
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their developmental environment (i.e., they did not experience change). It is not clear whether the
individuals who grew up in high-quality environments have better outcomes because they started
their lives on top or because their developmental and adult environments match. While this is
discussed in greater detail in the appendix, simply comparing individuals from low and high-quality
developmental environments in low-quality adult environments (the left-hand side of the x-axis in
Figure 2) still does not cleanly separate the effects of starting point from the effects of mismatch,
because it is still manipulating two different variables while embedding information about a third
(adult environmental quality). Fundamentally, the visualization is flattening a three (or higher)
dimensional problem into two dimensions, and in doing so, it conflates the two primary variables
of interest.
Using adult environmental quality (i.e., the variable of interest in the AEQ hypothesis and
not the main variables of interest when testing DC or PARs) as the x-axis variable generates a
variety of interpretability problems and provides no clear way to distinguish between the theories
of interest. In contrast, fewer mental gymnastics are required when, in the case of DC, the x-axis
is the effect of the developmental environment (Figure 1a), or in the case of PARs, the x-axis
reflects how well the developmental and adult environments match (Figure 1b & c)11 . Graphs like
Figure 1a-c allow us to separately, visually identify DC and/or PARs, as well as to separate how a
negative change in environment might be different than a positive one (see also [32] for a related
visualization technique).
In addition to the interpretability issues raised by Figure 2, using an interaction model to test
for PARs is problematic (and is something we ourselves have done [32, 64]). To demonstrate why,
we next describe the empirical tests that follow from the formal definitions of the DC and PAR
concepts that we provided in the Mathematical Definitions and Predictions section. We then show
why a formal definition of PAR is not detectable using the interaction regression in (14), why it is
mathematically incompatible with the definition of PARs, and why this incompatibility generates
biased coefficient estimates. To evaluate the consequences, we use simulated data to demonstrate
how often the use of interaction regressions will cause both Type I and Type II errors.

Empirical specification for constructing theoretically-derived tests
of the DC and PAR models
The definitions of DC and PARs are compatible with a general functional form:
y1 = F (e0 , |∆e|),

(15)

where we use capital F to indicate an empirical function involving observed data. We do not include
adult environment in the function (thus the AEQ hypothesis) for the identification reasons given
in the previous section.
Taking these theories to data requires a functional form or specification that we can estimate,
for example,
y1 = β + β0 e0 + βd |e1 − e0 | + u.

(16)

where βd is the marginal effect of the absolute value of the mismatch between developmental and
adult environments.
11

An alternative visualization could plot the absolute value of the mismatch between developmental and adult
environments on the x-axis. However, this would not visually distinguish between adult environments being worse
than or better than developmental environments, which the depiction in Figure 1b and c does.
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Regression model derived from mathematical definitions
To obtain a functional form, a reasonable approach is to assume F is differentiable over the relevant
range and take a Taylor expansion, which yields a power series. The power series can have infinite
terms, which cannot be estimated given finite data. Picking a finite limit on the number of powers
in the series involves a trade-off between bias and variance. The fewer the number of powers, the
greater the risk of omitted variable bias; the greater the number of terms, the lower the degrees
of freedom and thus the greater the standard errors on estimated coefficients. Moreover, once the
number of terms exceeds the sample size, it also sacrifices identification.
We choose a second-order expansion around e0 = e1 = |∆e| = 0 to limit the number of terms
that must be estimated. Estimating a regression model with only first-order terms cannot capture
both DC and PAR. Moreover, it would be difficult to relate to the interaction regression (14), since
a first-order expansion does not include an interaction term. An interaction term requires a second
order (or higher) expansion. A higher than second-order expansion is possible, but requires more
data to be adequately powered relative to a model with with fewer terms. Sample sizes in the real
world are often insufficient to accommodate this requirement. A second-order expansion implies
the following regression model:
y1 = γ + γ0 e0 + γd |∆e| + γ00 e0 2
+ γdd |∆e|2 + γ0d e0 |∆e| + u,

(17)

where the subscript 0 on γ indicates the coefficient is on x0 , d indicates it is on |∆e|, 0d indicates it is
on e0 |∆e|, and so on. The error u captures omitted, orthogonal factors that influence the observed
outcomes in a given dataset. The first three terms are included in a first-order Taylor expansion; the
last three terms, including the interaction term also in (14), are added by a second-order expansion.
The quadratic regression model in (17) is the primary regression model that we recommend and
evaluate in the remainder of this paper. It balances capturing elements omitted from the interaction
model (which we discuss in the next section) with power limitations of real world data sets. Little
is lost by switching from an interaction to quadratic regression other than having to change one’s
tests for DC and PARs. Researchers with larger data sets may attempt to estimate higher order
polynomials and apply the appropriate tests implied by the definitions of DC and PARs.

Testing for DC and PARs with a quadratic regression
The quadratic regression (17) implies specific and different statistical tests for DC and PARs. The
definition of DC in (1) implies the following test for DC:
∂y1 /∂e0 = γ0 + 2γ 00 e0 + γ0d |∆e| > 0.

(18)

If one cannot reject this hypothesis, then one cannot reject DC. Moreover, the prediction of the
PAR hypothesis in (7) implies the following test for PARs:
∂y1 /∂|∆e| = γd + 2γdd |∆e| + γ0d e0 < 0

(19)

If one cannot reject this hypothesis, one cannot reject PAR.

Implications for the interaction regression model
Although the interaction regression in (14) is a popular functional form used to test for PARs, and
also may be used to test for DC (via the coefficient on e0 ), there are several problems with using
that regression to test these hypotheses.
13

bioRxiv preprint doi: https://doi.org/10.1101/2022.02.10.479998; this version posted February 11, 2022. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

First, if the interaction regression were a correct description of reality, PARs could not be true.
To see why, we plug the data generating process e1 = e0 + ∆e into the interaction model (14) so
we can take the derivative of the latter with respect to ∆e. Using the chain rule, we can now take
the total derivative of the interaction model with respect to |∆e|:


dy1
∂(e1 − e0 )
∂y1
=
d|∆e|
d|∆e|
∂(e1 − e0 )
∂|∆e|

 |∆e|
= β1 + β01 e0
d|∆e| < 0
(20)
(e1 − e0 )
for positive d|∆e|. The prediction of the PAR hypothesis in (7) implies that PARs exists if this
derivative is negative. Note that the derivative must be negative when ∆e is both positive and
negative. But if ∆e > 0, then ∆e/|∆e| > 0, and if ∆e < 0, then ∆e/|∆e| < 0. So, for the inequality
in (20) to hold, β1 +β01 e0 has to be negative for positive ∆e and positive for negative ∆e. However,
if we start from a given developmental environment e0 , this is impossible: β1 + β01 e0 is constant
and does not flip signs. Importantly, PARs are not a theoretical impossibility with the quadratic
regression because it includes a |∆e| term; the derivative in (19) can theoretically be negative for
the full range of ∆e.
Strictly speaking, the interaction regression will only fail to find evidence of PARs if one tests
PAR based on the prediction in (7). The interaction regression cannot generate results that pass
that test. However, this impossibility likely also undermines the two-part test that supplements the
interaction regression with a visualization of the interaction. That two part-test can be thought of
as an effort to approximate testing the prediction in (7), but if directly testing that prediction with
the interaction regression cannot find PARs, then the approximation that combines the interaction
regression with a visualization is also unlikely to find it.
A second problem with the interaction regression is that the appropriate test for DC when using
a linear regression model is not the correct test for DC in the interaction regression. A reasonable
test for DC in a regression where adult outcome is the dependent variable is whether the coefficient
on the predictor variable e0 is positive. That is an appropriate test if one estimates a linear model
along the lines of
y1 = β0 e0 + β1 e1 + u

(21)

(assuming that a linear model is the correct specification). Recall that the definition of DC implies
that the test for DC is that derivative ∂y1 /∂e0 is positive. In the linear model in (21), the derivative
equals β0 . But if we are estimating an interaction regression as in (14), the correct derivative is
instead β0 + β01 e1 . Even if β0 > 0, the derivative could be negative if β01 e1 > −β0 .
Third, if the interaction regression is not a correct description of reality (e.g., if the quadratic
regression is actually correct), then the coefficients estimated by the interaction regression suffer
from omitted variable bias. Compared to the quadratic model, the interaction regression omits
squared (e20 , e21 ) and interaction (e0 |∆e|) terms. With ordinary least squares estimation, other
coefficients to some extent absorb variance that should be attributed to omitted terms. As a result,
the coefficient on the interaction is biased:
E[β̂01 ] − γ01 = γ00 δ00 + γ11 δ11 + γdd δdd
+ γ0d δ0d + γ1d δ1d

(22)

where δxz , for x, z ∈ {0, 1, d}, is the coefficient on ex ey from a regression of e0 e1 on e0 , e1 , and
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ex ez 12 . If one were to test whether PARs should be rejected by testing whether β01 = 0, the test
may be inaccurate. The test could reject that β01 = 0 even though γ01 , the true measure of the
interaction, is zero. Likewise, it could fail to reject β01 = 0 even though γ01 is zero. When testing
for DC, the coefficient on both the interaction and the e0 term may be biased for similar reasons,
leading to potentially incorrect results even if the test for DC (1) is employed. Even if the test
obtains the right answer, it produces inaccurate conclusions about effect sizes.

Simulations of alternative tests for DC and PARs
We conducted simulations to determine how often the interaction regression, as compared to the
quadratic regression, correctly finds or rejects DC or PAR.
In order to ensure that our simulations reflects patterns taken from the real world, the covariate
values we used for (e0 , ∆e) were drawn from data on observed early life and adult dominance ranks
for wild female baboons. These baboons were the subjects of long-term, individual-based research
by the Amboseli Baboon Research Project [1]. As is true for many primates, female dominance rank
determines access to key resources and predicts adult fitness outcomes [37]. Females typically attain
an adult dominance rank immediately below that of their mother, and dominance rank is usually
relatively stable across a female’s life. However, group fissions and revolutions in the hierarchy
can lead some females who are born to low-ranking mothers to become high-ranking in adulthood,
and vice versa [1]. Importantly, the observed distribution of developmental dominance rank (e0 ,
which we define as maternal dominance rank at the subject’s birth), and the difference between
subjects’ developmental and adult dominance ranks (∆e), generate covariate values that are highly
generalizable to many kinds of environmental quality measures in a wide variety of species. In the
baboons, e0 had a roughly even distribution spanning the range from 0 (lowest-rank or worst) to
1 (highest-rank or best). ∆e had an approximately normal distribution in the range [−1, 1]. More
details about the baboon data can be found in the appendix.

Simulation design
Each simulation posits a virtual reality13 where, by assumption, a 3rd-order polynomial accurately
describes the effect on adult outcomes of (a) an organism’s developmental environment and (b) the
mismatch between their developmental and adult environments14 . Each 3rd-order polynomial can
12

The interaction regression does not produce omitted variable bias if the two variables in the interaction term,
here developmental and adult environment, are both truly binary variables. In that case, the squared terms are
identical to and thus fully captured by the non-squared terms. However, the environment is virtually never binary.
For example, an indicator for malnutrition is actually a caloric intake variable that is partitioned into high and low
regions. If the operationalized version of an environmental variable is actually a partition of a continuous variable,
the fact that a quadratic regression is identical to an interaction regression does not imply the interaction regression is
adequate. The appropriate test for PAR employs a regression involving the continuous environmental variable without
partitioning. Using the partitioned variable instead yields biased estimates of the coefficient from the regression using
the continuous variable.
13
An important limitation is that we were unable to achieve integration with an Oculus VR headset.
14
Why a polynomial and why a third-order one? Reality permits a general function relating y1 to e0 and |∆e|. To
make realistic virtual universes that are tractable for simulation, we took a Taylor series expansion of that general
function around zero. We needed to select a finite order at which to stop the expansion. A 1st-order polynomial
would cause the interaction term in an interaction regression to always be zero. A second-order term would always
be estimated well by a quadratic and not an interaction, but by assumption. A 3rd- or higher-order polynomial
allows both the interaction and quadratic to generate errors that can be compared, which is our goal. However, as
polynomial order increases, exponentially more computation power is required to simulate reality given a fixed level
of variation in (e0 , |∆e|).
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have infinitely different coefficient values and thus describe infinitely different realities. We pared
those realities down by, first, only simulating realities on the nodes of a 10-dimensional lattice
where the value of each dimension takes 5 values ranging from -1 to 1. Second, we ruled out
realities where at any value of e0 ∈ [0, 1] or ∆e ∈ [−1, 1] generated an outcome outside the range of
[0, 1]. That is, we retained outcomes that could map onto binary outcomes (0/1), or to outcomes
which are continuous but bounded15 . This filtering produced 130,201 parameter combinations and
thus “feasible” realities.
Each of these feasible realities was evaluated for PARs and DC by applying the tests in (7) and
(1), respectively. With a 3rd-order polynomial, the derivatives in these tests depend on the value of
e0 and ∆e. We evaluated the derivatives for each reality at 16 evenly spaced values of (e0 , ∆e)16 . A
reality was labelled positive for PARs or DC if the relevant derivative test was satisfied on average
across these values. Of the feasible realities, 2,755 were truly positive for PARs and 2,755 were
truly positive for DC. These feasible and true positive realities are the benchmark against which
tests based on each regression model are evaluated.
For each feasible reality, we generated a data set for estimating regressions. Each data set
included 2000 observations generated by drawing values of e0 uniformly from evenly spaced points
between 0 and 1; values of ∆e from a normal distribution with mean −0.03 and standard deviation
0.21 (motivated by the mean and SD from the baboon data) but truncated at -1 and 1; error
terms from a normal distribution with mean 0 and variance equal to that of the outcome at the
mean value of (e0 , ∆e) in each reality. Continuous outcomes y1 were generated from a third-order
polynomial of the generated (e0 , |∆e|) plus a generated error term.
On the data set from each of these feasible realities, we estimated an interaction regression and
quadratic regression. From the regression results for each reality, we generated four test results for
PARs in that reality:
1. Visualization test for PARs using the interaction regression (14). This test finds
evidence for PARs if 1) β01 ̸= 0, and 2) the visualization shows that the fit line depicting the
adult environment/adult outcomes relationship for organisms from low-quality developmental
environments (the dotted line in Figure 2b) intersects from above the same line for organisms
from high-quality developmental environments (the solid line in Figure 2b).
2. “Relaxed” version of the visualization test with the interaction regression (14).
In the presence of development constraints (DC), the fit line for adult environment/adult
outcomes for organisms from low-quality developmental environments may be shifted downwards relative to organisms from medium- and high-quality environments (as depicted in
Figure 1c). In this case, PARs might exist even if the lines for low- and high-quality developmental environments do not cross. This suggests a relaxed visualization test which finds
evidence for PARs if 1) β01 ̸= 0, and 2) the visualization shows that the fit line depicting
the adult environment/adult outcomes relationship for organisms from low-quality developmental environments has a lower slope than the same line for organisms from high-quality
developmental environments.
3. Theoretically-motivated test (7) applied to the interaction regression (14). This
test finds evidence for PARs if the derivative of the interaction regression with respect to
|∆e| is negative (i.e., (20)). We implement this test notwithstanding the fact that the PAR
hypothesis cannot be true if the interaction regression is a correct specification of reality.
15

An affine function of a bounded, continuous variable can transform it into continuous variable with a range of
[0,1]. Moreover, the test for PARs or DC can be adjusted to account for that transformation.
16
We picked 4 evenly spaced values for e0 and for e1 and calculate ∆e from these.
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4. Theoretically-motivated test (7) applied to the quadratic regression (17). This test
finds evidence for PARs if the derivative of the quadratic regression with respect to |∆e| is
negative (19).
We also generated three tests for DC in each reality:
1. Naive test for DC with the interaction regression (14). This test finds evidence for
DC if β0 in (14) is positive.
2. Theoretically-motivated test (1) applied to the interaction regression (14). This
test finds evidence for DC if the derivative of the interaction regression with respect to e0 is
positive, i.e., β0 + β01 e1 is positive.
3. Theoretically-motivated test (1) applied to the quadratic regression (17). This test
finds evidence for DC if the derivative of the quadratic regression with respect to e0 is positive.
This test is presented in (18).
The appendix contains additional details on the simulations.

Simulation results
The top panel of Table 3 provides the sensitivity and specificity of each of the four methods of
testing for PARs across all feasible realities (sensitivity is the percent of the 2,755 realities where
PAR was true and where it was correctly detected; specificity is the percent of the remaining 127,504
realities where PAR was not true and where it was correctly not detected). The second column
shows the performance of a coin-flip test, which we use as a benchmark of a data-uninformed test
(i.e., a test with performance equal to chance).
The interaction regression has poor or imbalanced performance across a range of tests. For
instance, the interaction regression with the visualization approach to testing for PARs has sensitivity that is only slightly better than a coin flip (58.84%). A relaxed visual test has higher
sensitivity (79.24%) but lowered specificity, only marginally better than coin flip (56.64%); in other
words, it incorrectly detected PAR 43.46% of the time. The interaction regression showed even
worse performance with the theoretically-motivated test for PAR: sensitivity (9.76%) was much
worse than a coin flip. This very poor sensitivity is to be expected: if the interaction regression
is a correct description of reality, we demonstrated that one theoretically cannot find PAR. The
visualization test using the interaction regression actually gets the right answer more often than the
theoretically-motivated version precisely because the former is not actually testing the prediction
generated by the PAR hypothesis (7). This allows it to perform at or marginally better than a coin
flip, while a theoretically-motivated use of the interaction regression is specifically biased against
finding PARs even when they are true.
The quadratic regression combined with a theoretically-motivated test performs best of all.
Sensitivity (90.34%) is higher than any test using an interaction regression and specificity is roughly
the same (71.61%) as the best tests under the interaction model. This test is not perfectly sensitive
and specific because it too suffers from bias due to omitted variables: that is, the realities it
approximates also have third-order terms.
The bottom panel of Table 3 provides the sensitivity and specificity of three methods of testing
for DC across feasible realities. The interaction model performed poorly relative to the quadratic
regression. The naive test using the interaction regression has good sensitivity, but much worse
specificity than a coin-flip. Another way to say this is that the test often finds DC whether it is
17
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Table 3: Percent of simulated realities where PARs and DC were correctly detected (sensitivity)
and correctly not detected (specificity) using different tests.

Test:

Predictive Adaptive Response (PAR)
None Interaction Interaction Interaction
β01 ̸= 0
Theoryβ01 ̸= 0
in (14)
motivated
in (14)
& relaxed
test
Coin
& strict
(20)
visual test visual test
flip

Sensitivity
Specificity

51.54
50.13

Regression:

Test:

58.84
79.24
9.76
72.40
56.64
73.67
Developmental Constraints (DC)
None
Interaction Interaction
Theorymotivated
Naive
test
Coin
test
(β0 +
flip
(β0 > 0)
β01 e1 > 0)

Sensitivity
Specificity

49.43
50.09

Regression:

93.21
10.11

100.00
56.76

Quadratic
Theorymotivated
test
(19)
90.74
71.45
Quadratic
Theorymotivated
test
(18)
100.00
66.57

true or not. The interaction regression combined with a theoretically-motivated test has perfect
sensitivity, but specificity that is only marginally better than a coin flip. Switching to a quadratic
regression and using a theoretically-motivated test for DC performs best of all. It too has perfect
sensitivity, and it has somewhat better specificity (66.57%).

Discussion
The existing literature on DC and PARs suffers from two problems. First, it lacks precise and
consistent definitions of these phenomena. Second, perhaps as a result of this, at least one common
existing test for DC and PARs has poor sensitivity and specificity, often little better than a coin
flip.
Various assumptions are built into different conceptions of PARs. To ensure that studies are
comparing apples to apples, these assumptions need to be made explicit rather than left implicit.
Unraveling these assumptions has the benefit of making it clear where competing hypotheses are and
are not generating differentiating predictions. Due to their overlapping definitions and predictions,
DARs (developmental adaptive responses) and PARs, as well as external and internal PARs, are
difficult or impossible to distinguish in the real world, at least using currently available methods.
Focusing on the broader concept of environmental mismatch is likely to prove more fruitful than
debating the specifics of what particular point in time (or what particular cues) organisms are
adapting to.
Testing one of the key predictions generated by the PAR hypothesis requires researchers to
detect the effects of environmental mismatches. Doing so with any accuracy is difficult with an
interaction model and its complementary data visualization strategy. Indeed, the interaction model
specification is theoretically incapable of testing the mismatch prediction of PAR. A test that applies
the mismatch prediction to the quadratic regression does not suffer from a basic mathematical
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incompatibility problem. Similar arguments justify the use of a reasonable, formal definition of DC
along with a quadratic regression. Our simulations show that use of the theoretical predictions of
PARs and DC with the quadratic regression dramatically improved sensitivity/specificity trade-offs
(relative to any use of an interaction model) when testing for PARs and DC.
Currently, support for PARs in the literature is often weak and/or conflicting, especially in
mammals [34]. However, the definitional and testing issues highlighted here raise the question
of whether this is because PARs do not exist or because of flaws in the methods used to detect
them. Our results show that statistical tests derived from mathematical definitions of the DC and
PAR concepts, along with more flexible regression models, provide much clearer answers, and will
improve our ability to compare results across studies.
Because there is already a literature that employs visualizations such as Figure 2 and the
interaction regression in (14) to test for PARs, it is useful to know if there exist assumptions under
which those approaches remain valid tests of the hypothesis. Sufficient conditions for the interaction
regression to be valid are if (a) mismatches in only one direction reduce health/longevity/fitness, and
(b) the relationship between outcome, developmental environment and the change in environment
over a lifetime is quadratic, but with certain parameter restrictions that cause the quadratic model
to be identical to the interaction model. For example, focusing on a positive change in environment,
the second condition is that the following are true:
y = β0 e0 + β∆ (e1 − e0 ) + β00 e20 + β∆∆ (e1 − e0 )2
+ β0∆ e0 (e1 − e0 ) + e,

(23)

and β∆∆ = 0, β00 = −β0∆ , and β0∆ ̸= 0. Under these parametric restrictions, the quadratic
regression above collapses to something like the interaction regression in (14). Of course, it is difficult to know ex ante whether the second condition is satisfied without first estimating a quadratic
regression.
The concepts of DC and PARs are ubiquitous in the literature of many academic fields. Further,
significant human and financial resources are being devoted to untangling their effects because of
their important implications for public health and policy. Clear, careful definitions and appropriate
statistical tests are absolutely essential for forward progress in this important research area. We
recommend that researchers take the following steps when testing the DC and PAR hypotheses:
1. Rely on statistical tests that are derived from mathematical definitions, to avoid conflating
different phenomena being evaluated in the same model.
2. Avoid using interaction models or first-order polynomial models to test for environmental
mismatch effects; instead, use a quadratic or higher-order regression model.
3. Verify that data visualizations cleanly separate the concept(s) of interest. It is better to use
multiple visualizations that each address a single phenomenon than a single visualization that
potentially conflates different phenomena.
4. Keep in mind that the use of a plausible data generating process, the overlapping predictions
made by DC and PAR hypotheses, and the non-mutually exclusive nature of these hypotheses
mean that separately identifying the effects of early, adult, and mismatched environments is
usually not possible.
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Appendix
Additional notes on the conceptual problems with the interaction visualization
In the section “Issues with a popular visualization and testing strategy” in the main text, we discuss
problems with separately plotting adult outcomes on adult environment for individuals who started
in high-quality and low-quality developmental environments (Figure 2 in the main text). Other
papers have noted the conceptual difficulty with testing for predictive adaptive responses (PARs)
when researchers only have data on subjects that all experienced similar adult environments, as
is the case in some canonical human studies [e.g., 39]. These papers note that it is impossible to
know whether individuals who started in high-quality environments end up doing better because
their developmental environment was high-quality, or because their developmental and adult environments match [32, 34, 54, 26]. While this is not strictly a criticism of plots like Figure 2 in
the main text, it can be interpreted as an argument that Figure 2 cannot be plotted if there is no
variation in adult environment.
However, if a visualization like Figure 2 can be plotted, i.e., subjects experienced variation
in their adult environments, then one has to address whether Figure 2 and depictions like it are
informative. As we discuss in the main text, plotting outcomes against adult environments is a
cumbersome way to visualize PARs. It does not cleanly isolate the effects of starting point (i.e.,
developmental constraints (DC)), because it uses the variable of interest from yet a third hypothesis
(the adult environmental quality hypothesis (AEQ)) as the x axis. Moreover, there is ambiguity
about what pattern should be interpreted as evidence for PARs. The bisection from above of (a) the
adult outcome-adult environment line for organisms from high-quality developmental environments
by (b) the same line for organisms from low-quality developmental environments, such as illustrated
in Figure 2, is a sufficient but not necessary condition for PARs. A sufficient condition is that the
slope of the low-quality line is smaller than the slope of the high-quality line. Finally, if a plot like
Figure 2 is generated with predictions from estimation of an interaction model (as opposed to plots
of raw data), either the plot cannot find PARs or suffers from omitted variable bias and may not
be informative. The reasons for this are discussed in detail in the section titled “Implications for
the interaction regression model” in the main text.

Testing for predictive adaptive responses using phenotypic adaptations and phenotype/environment interactions
As discussed in the main text in the section “Mathematical definitions and predictions,” there
are two strategies for testing PAR. One is to look at the impact of differences between early life
and adult environments, i.e., test the mismatch hypothesis. We discussed this strategy in depth
in the main text. The other strategy is to examine the phenotypic adaptations to developmental
environments (sometimes referred to as developmental inputs [46]) and their impact. We explore
this second strategy here.
Recall that the main text noted that the 4 steps in the causal chain for PAR can be expressed
as 3 equations, and that if one of the equations (for step 1) is plugged into another (for steps 2 to
3), one obtains a simplified expression for PAR with just two equations:

p = f (e0 ), where ∂f /∂e0 < 0
y1 = g(p, e1 ), where
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where p are phenotypic adaptions to low-quality environments. The first equation says that a
low-quality developmental environment triggers phenotypic adaptations suitable for a low-quality
adult environment (because the adult environment is expected to be the same as the developmental
environment).
The second equation says that outcomes are better with the relevant adaptation if the adult
environment is low-quality, than they would be if the adaptation had not occurred. As we explained
in the main text, while our statement of PAR talks about external environment, one could substitute
internal somatic state for environment17 and the hypothesis would stand.
This simplified definition suggests two empirical tests for PAR that rely on observed phenotypic
adaptations. One test uses the first equation (24) in the simplified definition, i.e., it checks if
organisms from a low-quality developmental environment make a phenotypic adaptation to that
environment. The most basic regression specification for this test is
p = βe0 + v,

(26)

where the test for PAR is that β < 0. In the main text we recommend against specifications that
employ first-order approximations for y1 = f (|∆e|) such as y1 = γ|∆e|+e due to the risk of omitted
variable bias in estimates of γ. That is not a problem for (26) because there are no other possible
(known) triggers for an adaptation that is correlated with developmental environment. 18
A second empirical test for PAR that examines phenotypic adaptation focuses on the second
equation (25) in the simplified expression of PAR. A second-order approximation yields a quadratic
regression of the form
y1 = βp p + β1 e1 + βpp p2 + β11 e21 + βp1 pe1 + u.

(27)

∂ 2 y1
= βp1 < 0.
(∂p)∂e1

(28)

The test for PAR is that

Given how simple this test is, one might be tempted to estimate an interaction model of the form:
y1 = βp p + β1 e1 + βp1 pe1 + u.

(29)

However, this would yield a biased estimate for βp1 because it omits squared terms p2 and e21 , which
are correlated with the interaction term pe1 .
[46] has suggested an empirical analysis that somewhat resembles the preceding interaction
model. There are, however, two differences between the test proposed by [46] and estimating (29).
First, the test proposed by [46] replaces the adult environment with a developmental input i0 = −e0
(which could be some feature of either the organism’s somatic state or its environment):
y1 = βp p + (−β0 )i0 + (−βp0 )pi0 + u.

(30)

17
The internal PAR hypothesis proposes that organisms use their external environment during development to
predict their somatic state in adulthood [48, 46], but there is little reason to believe that internal state during
development could not also be used to predict internal state in adulthood. Somatic state could theoretically be
substituted for external environment either at e1 only, or at e0 and e1 .
18
It is true that a developmental adaptive response (DAR) could trigger adaptation. However, the problem there
is that PAR and DAR are indistinguishable, not that the test for PAR is incorrect. Another way to put this is that
the test for β < 0 is a test for both PAR and DAR, not that omitted variable bias means that this test is inaccurate.
This is discussed in detail in the main text in the subsection entitled “Developmental adaptive response.”
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Second, [46] recommends implementing this analysis via a regression and visualization similar to
the visualization that [43] suggests for the environmental mismatch hypothesis. Figure 3 provides
an example of the sort of visualization [46] recommends to complement the regression in (30). For
convenience, we shall call this empirical strategy a “developmental input-phenotype interaction
approach.”
The approach suggested in [46] has several problems. First, the visualization that motivates
the interaction regression above suffers from a problem similar to the one in Figure 2 in the main
text (a visualization of a developmental environment/adult environment interaction). Both versions
flatten a three (or higher) dimensional problem into two dimensions. In doing so, the figures omit an
important variable and thus force what are typically un-articulated and/or untested assumptions.
Figure 2 omits the developmental environment because it conflates the potential effects of the
developmental environment with the potential effects of a change in the environment. Figure 3
groups organisms for whom the developmental input is a correct prediction of adult state with
those for whom it is not. The prediction depicted in the figure is correct for the former set of
organisms, but not for the latter. The picture can still be valid when both sets of organisms are
examined together, but only with the additional assumption that the developmental input is on
average a good prediction of adult state.
Figure 3: Visual depiction of an environment/phenotype interaction. This is conceptually similar
to Figure 2 in the main text, but uses a developmental input on the x axis in place of adult
environment. Figure taken from [46].

If evolution is responsible for the studied form of predictive response/developmental plasticity,
it is certainly true that the prediction must be correct more often than not, unless there was a
recent change in the environment and selective landscape. If the predictions are often incorrect,
then this form of plasticity should not evolve. However, building this assumption into the figure and
resulting interpretation seems problematic for two reasons. One is that a central question in the
study of developmental plasticity is the degree to which it is an evolutionary phenomenon [67]. The
other is that the conflation of organisms for whom the developmental input is a good prediction and
those for whom it is not reduces the sensitivity of the suggested test. A more precise figure would
condition on the set of organisms it is addressing, and allow for the fact that the crossing property
is mitigated (or may disappear) for the organisms with “mismatched” developmental input and
adult somatic state.
Second, an interaction regression that used adulthood instead of a developmental input might
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still suffer from omitted variable bias. This means that the combination of a test for a significant interaction between adaptation and adult somatic state/environment (βp0 ̸= 1) and the visualization
will not yield an accurate test, because the estimate of βp0 will be biased.
Third, the interaction regression in (30) suffers the same potential omitted variable bias problem
as the interaction regression in Equation 1 in the main text. (30) above takes a strong stance on the
functional form of the relationship between (a) the developmental input and phenotypic adaptation
and (b) the adult outcome. A more modest assumption would be to start with a general functional
form, e.g., y = f (e0 , pa ) and then take a Taylor approximation. In this view, a quadratic regression
of the form
y = β + β0 i0 + βp pa + β00 (i0 )2 + βpp (pa )2 + β0p i0 pa + u,

(31)

is safer. If this functional form is correct, then the interaction regression suffers omitted variable
bias due to misspecification. Even if the interaction regression is specified correctly, then a quadratic
regression would yield unbiased estimates of β0p , the trigger for a visualization. The test for whether
the interaction regression was an acceptable specification is that estimates of β00 and βpp are zero.
Fourth, because phenotypic adaptations are more likely be endogenous to an organism than
adult environment is, the visualization and any regression that examines phenotypic adaptation
rather than adult environment will be more likely to suffer selection bias (formally, a correlation
between the explanatory variable–in this case, the phenotype–and the error term in the regression
model). Consider an example in which the phenotype is how early an organism starts reproduction.
Both the visualization and interaction regression suggest that a test for internal PARs is whether
those who receive a negative input during development start reproduction earlier than those who
receive a positive input. This test requires that there be some individuals who receive the negative
input who do start reproducing early, and some who do not; without such variation one cannot
estimate the interaction term. But one has to have a theory for why two organisms with the same
input have different responses. Unless that response is unrelated to any observable variables, e.g.,
is random, the coefficient on the phenotypic adaptation and the interaction term will suffer from
selection bias. If there is selection bias, then the test proposed in [48] may cause one to reject the
internal PAR hypothesis even if it is true.
Fifth, if DC is also true, but has a differential effect on organisms that undertake a phenotypic
adaptation and those that do not (which is certainly a biologically plausible scenario), then the
developmental input-phenotype interaction approach will be inaccurate. DC changes the slope of
the adult outcome-developmental input line. If it operates more on organisms that undertake a
phenotypic adaptation, then it may suppress cross-over suggestive of a PAR even when there is
a PAR. If DC operates more on organisms that do not undertake the adaptation, then it may
generate cross-over suggestive of a PAR even when there is no PAR.
Finally, we want to address an important point about any test that relies on a specific phenotype,
rather than the mismatch test strategy, regardless of whether the test is theoretically consistent
with a PAR definition. A phenotypic test takes a narrow view of phenotypic adaptations, with the
consequence of reducing the test’s power to detect a PAR. Suppose that organisms who receive a
negative developmental input can make several alternative adaptations. If the adaptations are substitutes for one another or mutually exclusive (due to, e.g., energetic or morphological constraints),
those who adopt one adaptation will not adopt another and vice versa. If one only tests for one
particular adaptation among those who receive the input, then one may reject PAR even when it is
valid. In effect, if organisms that receive a developmental input can adopt a substitute phenotypic
adaptation (P ′ ) than the one examined in Figure 3, and that alternative adaptation is as effective
as P , then fitness without P will be the same as with P . This will also manifest in a non-significant
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interaction. In short, any phenotypic test that hitches itself to a specific adaptation carries the
implicit assumption that there are not other, alternative adaptations.

Variants of PAR
In the main text, we discussed the most prominent alternative variant of the PAR model: internal
(as opposed to external) PAR. Here we discuss two other possible variants that one could define.
The first variant would allow an organism to predict a future environment that differs from its
developmental environment (contra steps 1 to 2 of the causal chain that defines PAR in the main
text). For example, humans may predict that our future environment will be warmer; a lynx born
during a season with abundant hares to eat might predict (perhaps not consciously) an eventual
crash in the hare population. This is simply E(e1 ) ̸= e0 . More specific variants (i.e., that adult
environment is going to be twice as good as developmental environment, or twice as bad) could
easily be defined as well.
A second variant concerns whether overly optimistic and overly pessimistic predictions have
differential effects [43]. We will define “symmetric mismatch” as a version of mismatch wherein
positive and negative values of ∆e = e1 − e0 have the same (negative) effect on outcomes:
∂y
∂∆e

=
∆e>0,|∆e|=k

∂y
∂∆e

< 0.

(32)

∆e<0,|∆e|=k

A visualization of the prediction this version would generate can be found in the left panel of
Figure 4. By contrast, we will define “asymmetric mismatch” as a version of mismatch wherein
positive and negative mismatch each have deleterious effects on outcomes, but equal-magnitude
positive and negative errors do not have the same magnitude of deleterious effects on outcomes.
A visualization of this prediction can be found in the right panel of Figure 4. Note that these
prediction errors could theoretically be asymmetric in the opposite direction; our choice to depict
negative predictions as more deleterious than positive ones is arbitrary. The reason that these
variants are important is because they affect whether the DC, PAR, and AEQ hypotheses can be
empirically distinguished, a topic we discuss in the section below.
Figure 4: Visual depictions of the concept of symmetrical and asymmetrical predictive adaptive
responses
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Conditions under which it is possible to simultaneously test the developmental
constraints (DC), predictive adaptive response (PAR), and adult environmental
quality (AEQ) hypotheses
In “Conceptual issues in testing models” in the main text, we explain why it is generally impossible
to test all three hypotheses (DC, PAR, and AEQ) simultaneously. This is because any data generating process cannot manipulate subjects’ developmental environments, adult environments and
the change in these environments independently; change in any one of these necessarily changes
one of the others. Hence one cannot separately test for effects of any one of these environmental
variables while holding the other environmental variables constant.
However, there is one exception (that we have identified) to this general principle. This exception
relies on differences between what we refer to as “symmetric” and “asymmetric” PAR (see the
section above, “Variants of PAR,” for more details). In symmetric PAR, positive and negative
differences between developmental and adult environments both have the same magnitude and
direction of effects on adult outcomes (see the left panel of Figure 4); in asymmetric PAR, one
direction of environmental change (i.e., either positive or negative) more strongly influences adult
outcomes than the other (see, e.g., the right panel of Figure 4). If we assume that PARs are
symmetric and that the AEQ hypothesis is false, the data should show that positive and negative
changes in environment each have identical negative effects on adult outcomes, as described in (32)
and the left panel of Figure 4. However, if the AEQ hypothesis is true, then—even in the presence
of symmetric PARs—the data should show that positive changes in the adult compared to the
developmental environment have less negative effects on adult outcomes than negative changes in
environment do:
∂y
∂e1

<
∆e<0,|∆e|=k

∂y
∂e1

< 0.

(33)

∆e>0,|∆e|=k

Thus, if we assume that symmetric PAR is true, then evidence of (33) is evidence for the
AEQ hypothesis. However, if we are not a priori sure that PAR is symmetric, then evidence of
(33) could be consistent with either (a) symmetric PAR plus AEQ or (b) asymmetric PAR where
positive changes in the environment have less negative effects on adult outcomes than negative
changes do (“left asymmetric PAR” as in right panel of Figure 4) and no AEQ. Indeed, one cannot
even rule out the possibility of mild left asymmetric PAR that is made to appear more asymmetric
by AEQ.
Building on this logic, it should also be clear that data ostensibly consistent with (33) (left
panel of Figure 4) are also hard to interpret. If it is assumed that PARs are symmetric, then this
can be interpreted as evidence against AEQ. But if it is assumed that PARs are right asymmetric,
i.e., positive changes in environment are more harmful than negative changes in environment (e.g.,
the mirror image of the right panel of Figure 4), then this is evidence for the AEQ hypothesis. If
one is not sure a priori whether PARs have symmetric effects or not, then one cannot rule in or
out the AEQ hypothesis.

Baboon data
In order to ensure that we selected covariate values that are representative of a real-world biological system, we summarized long-term data from the Amboseli Baboon Research Project and used
the resulting ∆e values in our simulations (i.e., the value of the difference between developmental and adult environments). The subjects were wild female savannah baboons (primarily Papio
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cynocephalus with some naturally occurring admixture from neighboring Papio anubis populations)
living in the Amboseli ecosystem in southern Kenya. This baboon population has been studied on
a near-daily basis since 1971 by the ABRP, which collects longitudinal demographic, ecological, life
history, and behavioral data on individually known animals [1]. The data we summarized to obtain
values used in the simulations spanned January 1980 to March 2021.
Like many other species including humans, baboons can experience a variety of developmental
environments [32, 62, 56, 64]. We summarized a major source of variation in the developmental
environment for baboons: dominance rank. Female baboons form strong, stable dominance hierarchies that determine access to important resources [37]. Female infants “inherit” their ranks from
their mothers via a system of youngest ascendancy, where the infant becomes dominant over any
older maternal sisters at birth. The functional consequence of the youngest ascendancy system is
that female baboons can reasonably predict that they will hold a dominance rank similar to the
one their mother held when they were born, when they themselves are adults. However, due to
events such as group fissions and matriline overthrows [1], some animals occupy dominance ranks in
adulthood that are not similar to the dominance rank their mother held when they were born. Since
there is variation in both developmental environment (some baboons are born to low-ranking mothers, and some to high-ranking ones) and the how well the developmental and adult environments
match (some females will hold nearly the same rank their whole lives, and some will experience
change), rank would be an appropriate variable for testing the DC and PAR hypotheses.
We used relative (i.e., proportional) dominance ranks, which represent the proportion of adult
female group members that the subject in question outranks [17, 37]. For example, a dominance
rank of 0.9 means that the female outranks 90% of the adult females in her group. Each animal’s
rank was determined based on the outcomes of all observed, decided agonistic interactions between
adult females. Trained observers, who could recognize individual animals via differences in morphological characteristics, recorded the identities of individuals participating in agonistic encounters
and the outcome of each of these encounters. If one animal behaved submissively while the other
was either aggressive or remained neutral, the interaction was recorded as “decided” with respect
to the rank relationship between the two interacting animals. Any interactions without a clear
outcome (e.g., where both animals displayed submissive signals) were excluded from dominance
rank calculations.
For rank during development, each female subject was assigned the rank her mother held in
the month the subject was born. In order to summarize the difference between developmental and
adult rank, we needed time window(s) during adulthood in which to capture rank. We eliminated
periods of rank instability (e.g., when groups were going through fissions, during which rank can be
difficult to determine), then aggregated information about months in which females were cycling
(i.e., months in which females were not either pregnant or nursing). A data set like this would be
suitable for testing if developmental environments, or the difference between developmental and
adult environments, predicted (for example) the chances that a female would successfully conceive,
or the number of mating consortships she participated in. The difference between a female’s
mother’s rank the month she was born and the rank she held during the cycling month(s) in
question was the difference between her developmental and adult environment (δe). This resulted
in a data set that contained information about 7,661 months for 281 individual female baboons.
After weighting each baboon equally, the mean difference between developmental and adult rank
was -0.03 (SD=0.21, range=-0.95-1). Data sets constructed across the course of pregnancies or
lactation resulted in very similar values (e.g. for pregnancies mean =-0.02, SD=0.22, range=-0.921). We chose to use the summarized values obtained from cycling months since it was the largest
of the data sets.
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Further details on the simulations
Here we provide further details about our simulation strategy. Some of this information is repeated
from the main text, but we provide it in both places to make it easier to follow. Our simulation
strategy had five steps.
1. We prepared a set of possible “realities” where the PAR hypothesis was either true or false.
We started with the 3rd-order polynomial for y1 = f (e0 , |∆e|), which generated an equation
with 10 coefficients19 .
y1 = α + α0 e0 + αd |∆e| + α00 e20 + αd2 |∆e|2 + α0d e0 |∆e|
+ α03 e30 + αd3 |∆e|3 + α02d e20 |∆e| + α0d2 e0 |∆e|2

(34)

Then, we created a grid of points in a 10-dimensional space. Each dimension took 5 possible
values (-1,-0.5,0,0.5,1), so the grid had 510 points. This grid represents possible realities
defined by different values of coefficients on up to 3 powers of (e0 , |∆e|), i.e., each reality is a
10 x 1 vector θ ∈ Θ = {α, α0 , αd , α02 , αd2 , α0d , α03 , αd3 , α02d , α0d2 }. We restricted the range of
coefficients to [−1, 1] because these are consistent with either binary outcomes or continuous,
bounded outcomes, as well as environmental variables that range from 0 to 1. We chose 5
values in the [-1,1] range so that the grid was not so dense that there were too many possible
realities to simulate.
2. We pruned realities that generated outcomes outside the range of 0 to 1 for any feasible
value of x = (e0 , |∆e|), i.e., e0 ∈ [0, 1] and |∆e| ∈ [0, 1]. To implement this, we allowed
x = (e0 , |∆e|) to each take 4 possible values (0, 1/3, 2/3, 1), and calculated the 16 possible
outcomes that resulted from each coefficient vector θ. If any outcomes were outside [0, 1], we
rejected that coefficient set. This left 130,201 “feasible” coefficient sets or realities (Θf ∈ Θ).
3. We identified those realities in which PARs and DC were true. We first started with the same
16 possible combinations of (e0 , |∆e|) in the last step. For each feasible reality (i.e., coefficient
vector surviving the previous step), we then calculated the derivative of (34) with respect to
e0 and then with respect to |∆e| at each of the 16 values of (e0 , |∆e|). If, for a given feasible
reality θ, the derivative with respect to e0 was on average positive across those 16 values, DC
was said to have been true in that reality. If, for a given feasible reality θ, the derivative with
respect to |∆e| was on average negative across those 16 values, PAR was said to have been
true in that reality.
4. We created a simulated data set for each pruned reality θ ∈ Θf . Our simulated data contained
a set of 2000 predicted outcomes ỹi generated by the 3rd-order polynomial function:
ỹi = yi + vi

(35)

where yi is obtained from (34), the coefficients in that equation were given by the reality θ, 100
independent values of the pair x = (e0 , e1 − e0 )) were drawn from each of 20 equally-spaced
discrete points in the space [0, 1]×[−1, 1], and the error was drawn from a normal distribution
with mean 0 and variance equal to A(1−A), where A = α +α0 ×0.5+α02 ×0.25+α03 ×0.125,
the value of outcomes at the mean of x. This variance mimics the variance from a binomial
distribution with a mean of A.
19

We did not use a 4th-order polynomial because it requires 15 terms, increasing required memory and computational power dramatically.
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5. We tested for PAR and DC in each reality. Specifically, we estimated an interaction regression and quadratic regression on the N=2000 simulated data set for each reality. From the
regression results for each reality, we generated four test results for PARs and DC in that
reality (described in Table 3 and the section “Simulations of alternative tests for PARs and
DC” in the main text). We then compared these test results to the truth for each reality
(determined in the prior step) to estimate the sensitivity and specificity of each test for PAR
and DC. We also tested for PARs and DC in each reality using a coin flip, simulated with a
Bernoulli random variable with mean 0.5. The comparison allowed us to calculate the fraction of realities where each of the four tests, along with the coin flip, generated results that
differed from the ground truth (Table 3 in the main text).
The simulation code is available online at https://github.com/anup-malani/PAR/blob/d3d958
8af6bb96c49f0550c94aa756e6a1261a9f/PAR simulation 220117b.do.
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