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Abstract

Understanding biodiversity change over space and time is a central goal of ecology. A
common approach to asking why biodiversity is changing over time, is to collate
biodiversity time series from multiple sites and undertake a two-step analysis: First, site-
level estimates of ‘biodiversity change’ are calculated. Second, those change estimates
are regressed on putative environmental drivers, such as climate, biome, and land-use
change. Such change-driver relationships are typically interpreted without reference to
an explicit estimand and due consideration of the data-generating process, risking
causal misinterpretation. We demonstrate this first logically, using simple examples and
directed acyclic graphs (DAGs). We show that ‘biodiversity change’ calculations are
deterministic variables, and change-driver associations thus represent an aggregate
effect of a driver across historical and contemporary causal paths. Using simulations of
species richness across space and time, we then demonstrate that multiple distinct
data-generating processes, including confounding, species-pool constraints that impose
ceiling/floor effects, and detection bias, can produce similar change-driver associations,
highlighting the importance of understanding the data-generating process. We caution
against using biodiversity-change calculations without consideration of the underlying
data-generating process, and present DAG-centric guidance for researchers asking
questions about biodiversity change across time and space, thereby making
assumptions and estimands explicit.

Keywords: Biodiversity trend; Causal diagram; Change score; Effect modification;
Meta-analysis; Meta-regression; Regression to the Mean; Synthesis



1. Introduction

Understanding how and why biodiversity is changing is a fundamental goal in ecology
(1,2). Going beyond change detection and attributing changes to causal drivers is
essential for informing targeted conservation interventions. For example, identifying
drivers that accelerate or buffer biodiversity loss can guide where restoration or
protection efforts might be most effective. Biodiversity change studies can be highly
influential yet can generate considerable scientific debate (3). Robust inference is
therefore essential, yet numerous analytical challenges exist, many of which are well
recognised, including sampling biases (4) and non-independence arising from
phylogenetic, spatial, and temporal structure (5). The challenges concerning causal
inference have been less appreciated until more recently (e.g., (2)), and so ecologists
do not usually embed causal reasoning into their research workflows to explicitly justify
analytical choices. Instead, choices are based on highly variable heuristics (6), so that
research teams apparently asking the same question of the same data reach different
conclusions (7). Biodiversity-change research is particularly vulnerable to this problem,
which we aim to highlight here.

A common approach to asking how and why biodiversity is changing uses biodiversity
time series collated from multiple sites distributed across large, heterogeneous spatial
extents (8,9). It typically proceeds in two steps (Figure 1). First, to ask how biodiversity
(Y) is changing, researchers estimate biodiversity change (or ‘trends’) (AY) for each
site, for example, calculating biodiversity differences between two time points, or for a
longer time series, by regressing biodiversity on time and estimating the slope. The
frequency distribution of change estimates within the sample is interrogated to ask, for
example, how variable biodiversity change is across sites, and how it is changing on
average (10). Second, to ask why biodiversity is changing, these change estimates are
typically regressed on putative ‘drivers’ (Z) such as climate, biome, conservation status,
or taxon (or regressions specify interactions between time and Z). Drivers may change
estimates themselves, for example, temperature change over time. Figures of change-
driver (AY ~ Z) relationships are common in the literature. They are a seemingly intuitive
means of conveying how the magnitude and direction of change vary with such drivers,
e.g., yielding interpretations such as ‘warmer sites are declining faster’ or ‘species gains
are greater at lower latitudes’.
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Figure 1. Demonstration of the common two-step approach for asking how
biodiversity change varies across environmental gradients. a) Three study sites (A-
C) distributed across a spatial environmental gradient Z. b) Biodiversity time series for
the three sites showing species richness Y over ten years. In Step 1, site-level
biodiversity change (AY) is estimated for each site as the fitted slope. c) In Step 2, site-
specific slopes from Step 1 are regressed against the environmental driver Z. The
dashed horizontal line indicates zero change.

However, analyses of change variables (such as biodiversity change) are not
straightforward with observational data, because change constitutes a 'deterministic
variable' (11-13). Consider biodiversity Y (e.g., species richness) measured at two time
points, Yt and Yt1. Any measure of change over time (e.g., AY = Yw+1/ Yt) is completely
determined by Yt and Y. Consequently, estimates of change~driver relationships (i.e.,
AY ~ Z) reflect some composite of multiple, possible causal paths, including Yt — Yi+1,
Z — Ytand Z — Y1 relationships (12). The same issue applies to regression slopes
from longer time series: whether estimated separately for each site (Y ~ time) or
estimated from interaction models (Y ~ time x Z); slopes remain derived variables that
are mathematical functions of all observed biodiversity values across time. It follows that
causal inference is challenging when the outcome variable of interest is deterministic,
and risks leading to misinterpretations of the causes of biodiversity change over time.

Ecology is undergoing a causal revolution (14,15). Increasing calls to adopt causal
frameworks in analyses of biodiversity change (2,16—-18) promote the use of directed
acyclic graphs (DAGs): tools that graphically describe the causal relationships within a
system of interest. DAGs help identify appropriate analytical strategies for given
questions and transparently document causal assumptions (14,19). DAGs are
particularly useful for illuminating the challenges specific to analyses involving change
variables, which are especially prone to misinterpretation (11,12,20). In this paper, we
apply causal frameworks and DAGs to biodiversity-change questions to demonstrate
how change-driver relationships can be misinterpreted. Using simulations of biodiversity
time-series, we demonstrate that multiple, distinct causal processes can yield similar
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change-driver relationships, highlighting the importance of causal thinking about the
data-generating processes at play. We conclude by proposing that researchers clearly
state their target estimand of interest and identify an appropriate analytical strategy for
its estimation using DAGs. While our focus is on biodiversity change, the workflow we
propose is relevant wherever deterministic variables are used as outcomes in
observational research, including meta-analyses.

1.2 Depicting biodiversity change with Directed Acyclic Graphs
(DAGS)

Most scientific data analyses have the logical status of conjectures: the assumptions
that make them valid for causal inference are not stated and are usually unknown.
Instead of using logic to decide how to process data, researchers rely upon heuristics
and conformity. For centuries, that was the best we could do. But in the 1970s,
statisticians began to make causal inference axiomatic (21,22). It became possible to
prove which minimal assumptions are required for an analytical procedure to be valid for
a formally defined goal. In the 1990s, this framework was extended to structural causal
models represented by graphs of causal relationships (23), including DAGs. Many
fields, including ecology, have begun to incorporate this “causal revolution” into their
practice and training. We provide a brief introduction to this approach and then use it to
explain why analysis of change variables usually requires unrealistic assumptions.

A causal DAG is a graphical representation of the hypothesised causal relationships
between a set of variables. Any two variables in the DAG may be connected by a
unidirectional arrow, which signifies that the first ‘parent’ variable exerts a causal effect
on the second ‘child’ node. By depicting the data-generating processes in a system of
interest, DAGs illustrate potential sources of confounding and selection bias and enable
researchers to algorithmically identify strategies to address them.

Although DAGs can clarify the assumptions required for valid causal inference, many
ecological analyses continue to rely on heuristics. Ecologists asking questions about
biodiversity change commonly assert that some reference to a baseline is required to
detect and attribute biodiversity change to drivers. This intuition perhaps explains the
widespread use of change calculations, AY, in biodiversity-change analyses, as a
means of somehow incorporating or controlling for the baseline. Yet recent studies have
used DAGs to clarify challenges inherent to interpreting analyses that use AY
(11,12,20). The challenges that concern us here are first that change variables are not
measurements, but rather calculations, and second that these calculations do not
automatically statistically control for baseline outcome values.
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1.2.1 AY is entirely determined by its parents

Change variables are not measurements, but rather calculations. Any measure of
change, whether calculated as an arithmetic difference Yw1-Yt, a ratio Yt1/Yt, a per cent
change or a regression slope (Y~time), is a deterministic variable that is derived, or
functionally created from, parent variables (DAGs in Figure 2). Determinism means that
Yi, Yi+1, and AY are tautologically associated purely by an arithmetic procedure, a data
transformation (24). And this transformation is destructive: it is not possible to reverse
the transformation to recover the original values Y1 and Yi, and the same AY can
represent ecologically distinct trajectories. A change of AY=1 species may be
ecologically quite different if the change is from Yi=1 to Yt+1=2 or instead from Yt=10 to
Yt+1=11. For simplicity, we represent richness change in our DAGs as the difference
between two time points (Yt and Yt+1), although the same logic applies to regression
slopes from longer time series.

Figure 2. Directed acyclic graphs (DAGs) depicting the deterministic nature of
change variable, showing the relationships between a biodiversity variable at
baseline (Yt) and follow-up (Yt+1), and the change variable AY; and a potential
driver of interest, Z. We present change variables by a double-outlined node and
double lines for all arrows entering a change variable to denote that they are part of a
functional, not probabilistic, relationship (12). A) Driver Z influences biodiversity at time
t+1 only. B) Driver Z affects both Yt and Y1 (baseline biodiversity Yt is a mediator of Z's
direct effect on recent biodiversity Yt+1).

1.2.2 Calculating AY does not necessarily ‘control’ for baseline values

By showing how AY is constructed, we can use DAGs to see that the imposed
arithmetic coupling does not necessarily ‘control for’ or ‘remove’ the influence of
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baseline Yt on AY. Instead, AY will inherit causal paths from its parents Ytand Yt+1. To
demonstrate this point, we next consider how AY behaves in two simple causal systems
involving a single driver variable Z (Figure 2), and consider whether effects of interest
are identifiable or not.

Before considering statistical identification, we must carefully consider precisely which
causal effect we want to estimate. In causal inference, this quantity is called the
estimand (25), and corresponds to a specific question. In the context of biodiversity-
change studies, two estimands are particularly relevant. The first is the total causal
effect of driver Z on AY, which captures how Z influences the difference between Yt and
Yt+1, through all of the causal pathways involved. The second is the effect of Z on Yi+1,
conditional on Yt (which, for a DAG with mediation by Yt, corresponds to the direct effect
of Z on contemporary biodiversity). In ecological terms, this effect captures the effect of
Z on contemporary biodiversity, independent of its influence on past richness. These
estimands coincide only under the rare case that Z does not influence Y: (Case A
below).

Case A: Z affects Y1 only (Z does not influence baseline)

In Case A (Figure 2A), recent biodiversity Yt+1 is determined by both baseline
biodiversity Yt and a driver Z that influences Yt+1 only. Here, Z might represent a recent
environmental change that occurs after baseline, such as conservation interventions or
disturbances that directly affect colonisation-extinction dynamics. Under the strong
assumption that Yt is not affected directly or indirectly by Z (i.e., Yt L Z), an observed
AY~Z relationship will represent the causal effect of Z on biodiversity change,
unconfounded by past effects on richness.

In this special and unrealistic case, the total causal effect of Z on AY is equivalent to the
total effect of Z on Yt+1, because Z has no causal path to Y. This is the only case where
AY can be used to isolate the effect of Z on biodiversity change. However the use of AY
is unnecessary, because the baseline Yt is not a confound. It is not necessary to control
for it. Additionally, this scenario is rare in observational biodiversity settings, because
most environmental gradients that directly or indirectly influence current species
persistence (such as climatic variables) will have also shaped past richness, either
directly or indirectly through shared causes. This scenario would therefore occur under
controlled conditions, such as experimental manipulations and novel environmental
pressures absent during baseline community assembly. Yet, this scenario most closely
aligns with what researchers are implicitly asking when they enquire what 'drives'
biodiversity change; identifying variables that influence ongoing ecological dynamics,
rather than historical ones.
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Case B: Z affects both Ytand Yi+1 (baseline biodiversity is a mediator)

Here (Figure 2B), an environmental driver Z causes biodiversity at both points in time,
and later biodiversity Yt+1 is also influenced by its historical values Y:. In Figure 2B, we
see that three causal paths exist between Z and AY: i) Z — Yi— AY; i) Z — Y1 — AY;
and iii) Z — Yt — Y1 — AY. In this example, any association between AY and Z (i.e., a
AY ~ driver relationship) consists of the direct effects of Z on Y at two time points (i and
i), as well as the indirect effect of Z on Yi+1, mediated by Y: (iii).

One might think that regressing the change AY on Z would suffice to identify the causal
effect of Z on change from baseline. But this is incorrect. The reason is that the baseline
Yt contributes twice to the association between Z and the change AY: through the
influence on Yt+1 and through the direct influence on AY. If we don’t adjust for Y, then
the estimate of the effect of Z on Yt+1 can be biased even with infinite data. If all effects
are additive, then by the rules of path analysis, the covariance between AY and Z is:"

Cov(AY,Z) = Cov(Yt+1,Z) — Cov(Yt,Z) = Pzyt+1 + Pzyt ( Pytyt+1 — 1)

Where the Pag indicates the path coefficient from A to B. Only the term Pzyt+1 is
relevant for estimating the causal effect of Z on Yt+1. The rest is bias through Z's
influence on Yt. For these confounding terms to equal zero, we require that the effect of
Yt on Y+ is exactly 1, i.e., exact proportionality. But if there is any other trend in the
outcome or a ceiling or floor effect, where Y is constrained to minimum or maximum
values, Pytyt+1 # 1. Thus, in Case B, AY does not isolate the effect of Z on Yt+1, unless
we make unrealistic assumptions.

But all is not lost. To determine a valid statistical strategy for estimating the causal effect
of Z, without assuming that Pyt yt+1 = 1, we can use an algorithm called the back-door
criterion (26). Given a DAG and a cause of interest Z, the back-door criterion
determines which sets of covariates are logically sufficient to identify an unbiased
estimate of the causal effect of Z. Applied to this example, it is possible to block all
“back-door” non-causal paths between Z and Yt+1 by conditioning on Yt. So a
regression of AY on both Z and Y: can identify the causal effect of Z on Yt+1. But so can
a regression of Yi+1 on Z and Yi. An important insight is that the use of the change
variable AY does nothing to control for influence through the baseline.

! Translating the DAG in Figure 2B to structural equations, we have Yi = aZ, Y1 = bZ + cYt, AY = Ye1 —
Yi. Set all variances to 1 for simplicity. Then the covariance between two variables. the total covariance
between Z and AY is cov(Z,AY) = cov(Z,Yt+1) — cov(Z,Yt) = [b+ac] — [a] = b + a(c—1). Only when c=1 is the
true direct effect b recovered without bias. If c<1, then the analysis will underestimate the influence of Z
on Yi+1.
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1.2.4 What causal estimands should biodiversity-change studies target?

We have shown that while the total causal effect of Z on AY can be technically
identifiable, it is not necessarily what researchers intend to know. This brings us to the
question: What causal estimands should studies target? The goals of biodiversity-
change studies are broad, ranging from informing macro-ecological theories to guiding
where restoration or protection efforts might be most needed. Which estimand to target
depends on the exact question. We have introduced two relevant causal estimands: 1)
the total causal effect of Z on AY, and 2) the direct effect of Z on contemporary
biodiversity Yt+1, conditional on Y:. In most cases, we argue that the former is most likely
to mislead, and the latter estimand is likely to be more informative.

For researchers interested in how communities are tracking climate change, such as
leading-edge theories that species are shifting their ranges poleward and producing
apparent richness gains at high latitudes and losses at low latitudes, the total causal
effect of Z on AY is not useful. The total effect does not isolate the biodiversity change
dynamics occurring between time t and t+1. The more appropriate estimand here is the
direct effect of Z on Y+, conditional on Y, which captures Z's effect on contemporary
diversity independent of its past effect. For understanding drivers of contemporary
biodiversity, i.e, where biodiversity is being lost now, the direct effect of Z on Yt+1
conditional on Yt is the most informative estimand. Identifying contemporary drivers of
loss requires us to separate the influence of current pressures from past conditions and
isolate the contribution of present-day drivers to present-day biodiversity.

The key insight here is that the estimand that researchers target will depend on the
question. Change variables are appropriate in some contexts (12,20), but they are not
universally appropriate and are never necessary. Some methodologists flatly
recommend against analyses of change variables, arguing they are 'not of causal
interest' (11,13). What is needed, in every case, is an explicit estimand and a logical
derivation of an analysis strategy that does not simply assume that using a change
calculation for an outcome correctly controls for effects of the baseline.

2 Methods

The examples above demonstrate the basic problems with change variables, but they
are too simple to represent the diversity of inferential settings ecologists face. So here
we further demonstrate challenges to causal inference about biodiversity change by
simulating four scenarios and applying the common two-stage analytical approaches to
each. Despite different underlying mechanisms, ranging from statistical artefacts to ‘real
ecological processes, we show that all scenarios can produce similar change-driver (AY
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~ Z) associations, and are therefore observationally indistinguishable using conventional
two-step approaches, highlighting the need for explicit causal thinking in biodiversity
change analyses.

We present each scenario using DAGs that show the relationships between an
environmental gradient Z and species richness Y at different time points t. For each
scenario, we simulate biodiversity at N = 200 sites distributed along a spatial
environmental gradient Z. For each site, we generate a time series of richness over 20
years with evenly spaced, annual observations. We presume perfect detection of
species richness in all scenarios, except for Detection bias (described below), which
includes varying detection probabilities over time.

We refer to our scenarios as: 1) Process effects, wherein Z influences recent
biodiversity dynamics only; 2) Confounding, where Z shapes both historical and recent
colonisation-extinction dynamics via unobserved variables; 3) Compression, where
species pools impose ceiling and floor effects on richness values; and 4) Detection bias,
where observed AY~Z patterns arise due to detection biases that depend on both Z and
time. Each scenario is summarised in Table 1 and represented by DAGs. While our
simulations generate twenty-year time series for each site, for simplicity/conceptual
clarity, our DAGs represent biodiversity at two time points, Yt and Yi+1. As we use a
twenty-year time series, our change metric used in the two-step approach is the rate of
log-biodiversity change per unit time (a proportional change metric). In all four
scenarios, the total causal effect of Z on biodiversity change is identifiable, but
identifiable does not imply interpretable: the total effect has a different causal
interpretation across scenarios (summarised in Table 1). All analyses were conducted
using R 4.5.1 (27). The R script to reproduce our simulations is available
[https://github.com/LukeChrisEvans/deterministic by design code].
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Table 1. Four different causal scenarios for biodiversity change, shown with
species richness Y observed at two time points (Yt and Yi+1). Perfect species detection
is assumed for all scenarios except Scenario 4 Detection bias, in which the observed,
imperfectly measured richness is denoted with asterisks. Unobserved variables are

shown in light gray.

Scenario

Interpretation of the total causal effect of Z on
AY, and alternative estimands

Process effects

N

L

Perfect species detection
assumed

The total causal effect of Z on AY is identifiable.
To estimate the direct effect of Z on Yt+1 or AY, no
adjustment is necessary.

In this case, AY ~ Z and Yw1 ~ Z estimate the
same causal effect if, and only if, Yt is
independent of Z (Yt L Z), i.e., Yt and Y1 have
no shared causes.

The assumption that Yt L Z is unrealistically
strong. In real settings, Yt and Y1 will share
common causes, directly or indirectly. When Y
and Z are associated, AY ~ Z and Yit+1 ~ Z will
estimate different causal quantities.

Confounding

‘ Ut | ‘ Zt+1 \

The total causal effect of Z on AY is identifiable.
This effect (AY~Z association) aggregates multiple
causal pathways and, because these pathways
cannot be separated using AY alone, the
regression conflates historical and contemporary
effects.

The direct effect of Z on Yt+1 is not identifiable
without adjustment, because a back-door path is
open: Zt+1 «— Ut — Yt — Y1, unless we adjust for
Ut. However, Ut is unmeasured or unconsidered.
By adjusting for Yt however, the effect of Z on Y+
can be identified.
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Ut is an unobserved or
unconsidered site-level
confounder

Perfect species detection
assumed

Ut causes sites to have both
higher Z and higher Y

Compression

K denotes a maximum, ceiling
species richness set by the
regional species pool

Perfect species detection
assumed

The total causal effect of Z on AY is identifiable.
The AY~Z association is driven only by Z setting
the baseline, not recent biodiversity. Z has no
causal effect on the process generating recent
biodiversity, beyond its historical influence (via Yt).
There is no direct effect of Z on Yt+1 to estimate for
this DAG.

The association AY ~ Z is therefore dominated by
ceiling and/or floor effects, not by any causal
effect of Z on biodiversity change in an ecological
sense.

Detection bias

Z environmental gradient

D detection bias (unobserved)
Y true species richness

Y* observed species richness
t time

AY* observed richness change

There is no effect of Z on Yi, Yi+1 or AY to estimate
for this DAG.

Any AY~Z association is driven by measurement
error. Variation in Z causes variation in the
discrepancy between AY* and true AY, not
ecological change itself.

The issue here is that observed Y* is not a good
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2.1 Process effect

We first consider a simple scenario (‘Process effect’; Table 1), where richness Yi+1 is
determined by Yt and also a driver Z, which has occurred after baseline richness Y
(analogous to Scenario A). Baseline richness Ytis independent of Z (Yt L Z), meaning
that the gradient has not shaped historical community richness.

We simulated this as follows:

Y;1 ~ Poisson(A)

Provides a random latent abundance at each site that is independent of Z. Z, is a post-
baseline gradient (e.g., disturbance intensity, conservation intervention) that drives
exogenous change Ci, which represents the site-level annual rate of change; the
balance of colonisations and extinctions occurring throughout the observation period is
modelled on the log scale with process error.

Ci=Yo+VzZyi+éci gci ~ N(0,0¢)

Richness at each subsequent time point is determined by the richness of the previous
time point, plus the site-specific rate of change and demographic stochasticity, with the
observed count impacted by detection error:

log(4,+1) = log(Yie) + C;, t=1,...,T
Yitrr ~ Poisson(Aieq)

13



Y *; 41 ~ Binomial(Y;, 1)

Over T years, richness follows a linear trend with slope C; plus noise. In this scenario,
the observed richness (Y*) is equal to the true latent abundance (i.e. no detection error),
but we introduce this common structure as it is applied to all our scenarios, with the
detection error varying in the final scenario.

2.2 Confounding

In the next scenario ('Confounding’; Table 1), an unmeasured factor Ut influences both
baseline richness Ytand Zi+1. This generates two paths for the effect of Ut on Yi+1, one
path mediated by Zt+1 and one mediated through Yt. This scenario might occur when
factors such as historic land use change impact the baseline biodiversity level but also
impact processes that lead to varying rates of contemporary biodiversity change. For
example, if land use history determines contemporary disturbance intensity or the
likelihood of extreme events. In such scenarios, the meaning of AY~Z is conflating Ut's
historical effects on richness through Yt with the contemporary effects through Z that
influence biodiversity dynamics. In our simulation for illustrative purposes, U was
parameterised to positively influence Z but negatively influence initial richness, inducing
a positive association between Z and temporal change that partially offset a negative
direct effect of Z. U was generated but withheld from the analyst or simply not
considered, replicating the observational setting in which only Z, Yt,* Yt+1*, and AY are
considered in the analysis.

We simulate this as follows. Baseline richness is determined by U, an unobserved (or
not considered) factor.

log(4;1) = uy + BzU; + €1, g1 ~ N(0,04)
Y;1 ~ Poisson(Ai, 1)

The same gradient U generates an unobserved post-baseline variable Z2, representing
an unmeasured contemporary environmental process:

Zy; = a0+ ayU; + &y, ez; ~ N(0,07)

Z2 drives change C, which represents the balance of colonisations and extinctions
occurring after baseline:

Ci=vy0+vy,2z,; + ¢, eci ~ N(0,0¢)

14



Latent richness changes over time as a linear trend on the log scale with slope C;plus
noise

log(Air+1) = log(Yie) + C; + 18, t=1,...,T
Nt ~ N(0,0m2)

The latent richness is then translated into observed richness, as in scenario 1.

2.3 Compression

In a third scenario (‘Compression’; Figure 2B), species richness, like many ecological
variables, is subject to ceiling and floor effects. Species richness cannot fall below zero
(the floor) and is constrained by regional species pools K (the maximum, ceiling
amount). Sites with initially low richness can only increase or remain constant, while
sites with initially high richness can only decrease or remain constant. If baseline
richness Yt varies systematically along an environmental gradient Z:, compression will
generate apparent AY~Z relationships.

Baseline richness is set by Z, and rather than representing community dynamics more
mechanistically for simplicity richness is just distributed between a fixed floor (0) and
ceiling K shared for all sites:

Aix = o+ BzZi + €1 gin ~ N(0,07)
Yi,1 = clamp(Poisson(1i, 1),0,K),
where 4 is constrained to be positive and clamp(x, 0, K) = max(0, min(K, x)).

Richness changes were modelled using a global growth term (G) on the additive scale,
with all sites increasing in richness at the same rate but with random-walk noise. There
is no effect of Z on the dynamics, and the global increments are identical across sites:

Ai,t‘l‘l = Yl, t + G + nl,
Yi,t + 1 = clamp(Poisson(4;;4+1),0,K), t=1,...,T-1
Nit ~ N(O, O-groc)

Where 4 is again constrained to be positive. The latent richness Yi,t + 1 is then
translated into observed richness Y, ., as in scenario 1.
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2.4 Detection bias

In our final scenario (‘Detection bias’; Figure 3A), true species richness Y remains
constant across both time and the environmental gradient Z, but the gradient affects
detection probability Dt, with the detection probability increasing over time (e.g., survey
coverage/effort improving across time). True richness and detection probability jointly
determine observed species richness, denoted by an asterisk (Y+* and Yw1*). For
example, low Dt in low-Z sites precludes species detection during early surveys, while
greater Dt means observers detect a larger proportion of the true richness at high-Z
sites. So while true richness does not depend on Z, there are systematic differences in
observed baseline richness Yt*. Improved technology or participation during more
recent surveys could lead to high detectability at all sites.

Apparent AY~Z relationships are observed because sites that appeared species-poor at
low Z increase toward the true richness over time. This pattern is a form of regression to
the mean (29): extreme baseline values induced by Z-dependent detection bias tend to
move back toward the common underlying mean when re-measured under less biased
conditions (30).

We simulated this causal structure as follows:

True (latent) richness Y at site i is constant across time t informed by a fixed density 4
and is independent of Z, with variation between years deriving from only demographic
stochasticity:

Yie = Y;foral t=1,..,T

Yit ~ Poisson(A)
Detection at baseline (t=1) strongly depends on Z:
Wi =1 - (ti/ t20)
logit(p;1) = ag+agti+ azZ; Wi

Detection at all follow-up surveys increases globally with time, and the effect of Z on
detection is reduced with Wi such that it becomes independent of Z in the final survey
year:

So observed species richness Y* at each time point:

Y+ ~ Binomial(Y;,p,,)
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2.5 Application of two-step approaches

Using our simulated time series, we apply three common two-step approaches to ask
the question ‘how does spatial gradient Z drive biodiversity change?’. While an explicit
causal estimand is not usually stated in papers, for our scenarios, applying common
analytic strategies represents estimating the total causal effect of Z on the rate of log-
biodiversity change over time (or more accurately, the effect of Z on log observed
biodiversity change over time). All approaches first estimate biodiversity change at each
site and then relate these estimates to drivers. In our first analysis, we fit a single
ordinary least squares (OLS) model for each site using OLS regression (function Im() in
R), with log species richness (+1) as a response variable, and time as a predictor.
Coefficients were subsequently regressed on Z using a second OLS regression. In the
second approach, we fitted a generalised linear multilevel model to the entire dataset
using the R package Ime4 (29(30) with a Poisson error and log link function. We
specified site-level random intercepts and random slopes for each time series [Y ~ Time
+ (1+Time/Site)]. Site-level random slope estimates were then regressed on Z using
OLS regression. In our third approach, we fit a generalised linear multilevel Poisson
model that additionally specified an interaction between Time and Z[Y ~ Time * Z
(1+Time/Site)]. We subsequently estimated and visualised the coefficients for Time
conditional on values across the range of Z using the package interplot(32). We
visualised all other relationships using the ggplot2 package(33).

3 Results

All of the two-step approaches that we applied to ask ‘how does Z drive biodiversity
change?’ yielded qualitatively similar results across all four data-generating scenarios.
Here we present the results of the two-step approach that fitted separate OLS
regressions to log(species richness) values and regressed the coefficients against Z.
We provide the results of the other two approaches using generalised linear multilevel
models in Appendix S, which are qualitatively similar. For all scenarios, the estimated
coefficient for Z represents the total causal effect of Z on the estimated rate of change
of observed log-biodiversity over time.

The four distinct data-generating scenarios yielded qualitatively different intercepts and
biodiversity trajectories over time (Figure 3, top row). Yet, across all scenarios, a
negative relationship between biodiversity change and Z was observed (Figure 3,
bottom row), leading to the conclusion that biodiversity change is most strongly positive
at low Z, the effect declines with increasing Z and becomes negative at high Z (Figure
3). However, the direct effect of Z on contemporary biodiversity change and the
mechanism underlying Z's effect varied significantly between scenarios.
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Figure 3. Four distinct data-generating scenarios yield distinct, observed
biodiversity time series (first row) that lead to similar patterns in change~Z
patterns (third row). Horizontal dashed lines at zero indicate no change over time.
Measures of biodiversity change (bottom row) were estimated from separate, site-level
OLS regression models fitted to log(species richness) for each site. Fitted black lines
represent biodiversity change~Z trends estimated from OLS regression. Scenarios
include a) Process effect, b) Confounding, c) Compression and d) Detection bias
(corresponding causal structures in Table 1).
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Table 2: Two-step approaches yield similar regression coefficients from models
regressing biodiversity change (AY) on the environmental gradient (Z), representing the
total causal effect of Z on AY. Coefficients (and standard errors) from the same
statistical model (AY~Z) fitted to simulated datasets generated from four different data-
generating processes. Coefficient magnitudes and directions are comparable. We
additionally present the true direct effect of Z on contemporary (yearly) change specified
in the simulations for comparison.

term Process Confounding Compression Detection
effect (log) (log) (log) bias (log)

(Intercept) -0.031 -0.030 (0.005) 0.005 (0.002) 0.040
(0.005) (0.001)

Z -0.021 -0.019 (0.005) -0.012 (0.002) -0.023
(0.005) (0.001)

True direct effect -0.025 -0.05 0 0

of Z

4 Discussion

We have used DAGs and simulations to show that questions about ‘drivers of
biodiversity change’ are causally ambiguous without an explicitly defined estimand and
knowledge about the data-generating process. When analysts adopt the common two-
step approach of first calculating biodiversity change and then regressing it on driver Z,
the causal interpretation of the estimated slope is obscure because a AY~Z coefficient
represents a total causal effect that aggregates across multiple causal pathways.
Moreover, multiple plausible mechanisms that can cause historic and current levels of
biodiversity can generate similar estimates of total effects and patterns of change
across gradients. Here, we provide guidance for researchers seeking answers to
questions about biodiversity change in future studies and most importantly, call for wider
consideration of the data-generating processes when evaluating patterns of biodiversity
change across gradients.

4.1 Identifiability does not ensure interpretability: we need knowledge of the
data-generating process

Our study adds to the growing calls for researchers in ecological research to use DAGs
and state their target estimand (14,15). Importantly, our Detection Bias scenario
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underscores the need to include processes that influence species’ detection (33,34).
Additionally, including a selection node, S, is necessary to convey assumptions about
the sampling process when the available data are not a random sample of the target
population of inference (33). Automated software such as DAGitty, available as a
browser-based interface (dagitty.net), makes it relatively simple to automate
identification queries and identify minimally sufficient adjustment sets for closing
confounding paths. However, it is important to note that identifiability is not sufficient for
an estimand to be interpretable.

In our four scenarios, the AY~Z association represents the total causal effect of driver Z
on the proportional rate of change of biodiversity. Although this total effect is technically
identifiable (it is not confounded), its interpretability is questionable. Its meaning differs
across our scenarios and requires knowledge of the data-generating process. In each
scenario, the total effect is made up of varying contributions from multiple causal
pathways, including Z’s influence on historical and contemporary biodiversity.
Differences in both the trajectories (slopes) and baselines among our scenarios are
apparent from looking at Figure 3A, which can help with interpretation to an extent, but
this information gets lost in biodiversity-change studies that adopt the two-step
approach, because the calculation of change in step 1 is destructive; it is not possible to
recover information about actual biodiversity values at a given point in time. That is,
summarising biodiversity trajectories using the slope of log-richness over time produces
a proportional rate of change, but it discards information about the intercept, which
encodes baseline richness and important information about causal processes.

Of our four scenarios, only our Process Effect scenario yielded a total effect that is
causally interpretable, under strong assumptions of no compression and that baseline
richness is independent of the driver Z (Yt L Z), conditions rarely met in observational
settings. In our Compression scenario, the total effect reflects Z's effect on the
biodiversity trend through its influence on baseline richness alone, which in turn
determines how strongly ceiling/floor effects will constrain the trajectory. In other words,
the total causal effect reflects the effect of Z on historical richness only, and not
contemporary biodiversity dynamics. The key point here is that identifiability is not
enough to ensure interpretability. In addition to an identifiable estimand, we require
knowledge of the data-generating process, which can be achieved by producing
generative models that simulate data (34).

We note that some studies investigating drivers of biodiversity change have regressed

biodiversity change on measures of climate change and baseline climate (i.e., AZ), with
or without baseline values of biodiversity (e.g., AY~AZ + Zt, or AY~Y++AZ + Zy). In either
case, the core issue remains: the estimand is typically obscure without an explicit DAG.
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Moreover, a model of AY~AZ + Zi is structurally equivalent to Y1~ Yt + Zt + Zt+1. The
change variables here do not add information, and obscure what is being estimated.
Whether such a model estimates a causal effect of contemporary climate on
contemporary biodiversity, a direct effect of climate, or something else, depends entirely
on the DAG, and the corresponding adjustment set required for a particular estimand.

4.2 Implications for basic and applied ecology

Researchers often aim to identify drivers that accelerate or buffer biodiversity loss, to
inform macro-ecological theories or guide where restoration or protection efforts might
be most needed. We have argued that the total causal effect of a driver on biodiversity
change is unlikely to be informative for these goals, and likely provide ‘insufficiently
deep explanations’ for biodiversity change, as they aggregate across multiple causal
pathways (38). We therefore emphasise caution; their use can be justified given an
explicit estimand, assumptions of the data-generation process and calculation of an
appropriate adjustment set.

We note that these issues are relevant to meta-analyses that synthesise studies of
spatial comparisons of biodiversity (and other ecological variables) between alternative
conditions or ‘treatments’, for example, comparisons of richness under different land
uses or conservation designations. Meta-analysis is widely used in ecology to evaluate
whether such differences systematically vary across factors that serve as ‘effect
modifiers’ of interest (39). In such studies, an ‘effect size’ is estimated for each study,
commonly a log response ratio (INRR = log(Yt+1/Y?), to represent study-level proportional
differences in richness between treatment and control groups. As a change variable,
effect-sizes require a destructive calculation that loses information about actual values
(40). Effect sizes are subsequently meta-regressed on study-level variables such as
biome, taxon, and latitude, termed ‘effect modifiers’, to explain variation in observed
effects. Yet effect sizes are fully determined by their parents, and therefore, total causal
effects of effect modifiers on effect sizes will aggregate multiple causal pathways
between modifiers and units in control and treatment groups, leaving the association
vulnerable to misinterpretation.
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Appendix S1 - Results of multilevel models fitted to the simulated
data

Here, we present analyses of two additional common approaches to biodiversity change
analyses that ask how biodiversity change depends on driver Z, using multilevel models
with the R package Ime4 (Bates et al. 2015)(1), which are common in biodiversity
change analyses, to demonstrate equivalent challenges for causal inference.

We fitted a generalised linear multilevel model to the entire dataset using the R package
Ime4 (Bates et al. 2015)(1) with a log link function. We specified site-level random
intercepts and random slopes for each time series [Y ~ Time + (1+Time/Site)]. Site-level
random slope estimates were then regressed on Z using OLS regression.

a) Process b) Confounding c) Compression d) Detection
bias

log (richness+1)

5 10 15 20
Year

0.1 1

0.0 1

-0.1 1

Biodiversity change

-0.2

-3-2-10 1 2 3 -3-2-10 1 2 3 -3-2-10 1 2 3 -3-2-10 1 2 3
Spatial gradient (Z2) Spatial gradient (Z2) Spatial gradient (Z2) Spatial gradient (Z)

Figure S1.1 Four distinct data-generating scenarios (a-d) generate similar change~Z
patterns. Horizontal dashed lines at zero indicate no change over time. Estimates of
biodiversity change are site-level random slopes for the effect of time (step 1). Fitted
black lines represent biodiversity change~Z trends estimated from OLS regression of
these slopes on Z (step 2). Scenarios include a) Process effect, b) Confounding, c)
Compression, d) Detection bias (corresponding causal structures in Table 1).
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Table S1.1 Two-step approaches yield similar regression coefficients from multi-level
models regressing biodiversity change (AY) on the environmental gradient (Z),
representing the total causal effect of Z on AY. Coefficients (and standard errors) from
the same statistical model (AY~2Z) fitted to simulated datasets generated from four
different data-generating processes. Coefficient magnitudes and directions are
comparable. We additionally present the true direct effect of Z on contemporary (yearly)
change specified in the simulations for comparison.

term Process Confounding Compression Detection
effect (log) (log) (log) bias (log)

(Intercept) -0.031 -0.031 (0.005) 0.005 (0.002) 0.040 (0.001)
(0.005)

z -0.020 -0.020 (0.005) -0.011 (0.002) -0.019
(0.005) (0.001)

True direct effect  -0.025 -0.05 0 0

ofZ

We also fit a generalised linear multilevel Poisson model that additionally specified an
interaction between Time and Z [Y ~ Time * Z (1+Time/Site)]. We subsequently
estimated the coefficients for Time conditional on values across the range of Z using the
package interplot (Solt and Hu 2018)(2). We then estimated the site-level random
slopes and regressed them on Z.

28



log (richness+1)

Year (scaled)

a) Process

e
o
"

o
N
)

3210123
Z (scaled)

b) Confounding

10 15 20
Year

3210123
Z (scaled)

c) Compression

d) Detection
bias

0.4 4

0.2

0.0 1

-0.21

3210123
Z (scaled)

0.4 1

0.2 4

0.0 1

-0.2 1

3210123
Z (scaled)

Figure S1.2 Four distinct data-generating scenarios (a-d) generate similar change~Z
patterns. Horizontal dashed lines at zero indicate no change over time. Estimates of
biodiversity change represent the estimated coefficient for time, conditional on Z, using
R package interplot. Scenarios include a) Process effect, b) Confounding, c)
Compression, d) Detection bias (corresponding causal structures in Table 1).
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Table S1.2 One-step approaches fitting Year-by-Z interactions yield similar relationships
across all causal structures. Values show coefficients (and standard errors) from the
same statistical model fitted to simulated datasets generated from four different data-
generating processes. Coefficient magnitudes and directions are comparable.

term Process Confounding  Compression  Detection
effect bias
Intercept 2.063 (0.069) 1.947 (0.082) 3.348 (0.017) 2.078 (0.006)

Year (scaled)  0.062 (0.005) 0.073 (0.005) 0.033 (0.003) 0.217 (0.006)

Z (scaled) -0.149 -0.942 (0.082) 0.134 (0.017) 0.110 (0.006)
(0.069)

Year x Z -0.130 -0.122 (0.004) -0.066 (0.003) -0.110 (0.005)

(scaled) (0.00%5)

1. Bates D, Machler M, Bolker B, Walker S. Fitting Linear Mixed-Effects Models
Using Ime4. J Stat Soft. 2015 Oct 7;67(1):1-48. doi:10.18637/jss.v067.i01

2. Solt F, Hu Y, Kenkel B. interplot: Plot the Effects of Variables in Interaction
Terms [Internet]. 2018 [cited 2026 Apr 21]. Available from: https://cran.r-
project.org/web/packages/interplot/index.html
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