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Abstract 23 

Identifying and quantifying causal relationships from data is a central goal in ecology and 24 

conservation. To achieve this goal, ecologists are increasingly applying frameworks and 25 

methods from the broader, multidisciplinary causal inference literature. These applications 26 

have generated both enthusiasm and skepticism. Here, we address seven common sources of 27 

skepticism that we see as myths. Much of this skepticism treats causal inference as a competing 28 

research paradigm. However, it is better understood as a set of ideas and practices that can 29 

sharpen ecological reasoning and strengthen empirical evidence. The value of causal inference 30 

lies in clarifying the assumptions required to interpret statistical associations causally and in 31 

encouraging researchers to state these assumptions explicitly, justifying them using prior 32 

knowledge and biological reasoning. In this sense, causal inference does not replace what 33 

ecologists already do well. Rather, it helps reveal, refine, and communicate the logic already 34 

underlying empirical research with causal aims. Across the seven concerns that we examine, a 35 

common message emerges: debates about causal inference should focus less on labels and 36 

techniques and more on whether the assumptions behind a causal claim are credible, clearly 37 

stated, and fit for purpose when making causal claims in ecology. 38 

 39 

Introduction 40 

As ecologists and conservation scientists, we seek to understand causal relationships in 41 

complex socio-ecological systems, including the mechanisms that underlie cause and effect 42 

relationships. One way to advance causal understanding is through empirical approaches, 43 

including observational studies and experiments, which draw on and complement theory, 44 
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natural history, and process-based models and can be interwoven with other ways of knowing 45 

(Gazing Wolf et al. 2024).   46 

Ecologists increasingly draw on concepts and practices developed in other fields for 47 

obtaining causal inferences from data. These frameworks clarify the conditions under which 48 

correlations can be interpreted causally and provide a common language for performing, 49 

communicating, and evaluating causal investigations. Their applications span diverse topics 50 

across ecology, behavior, evolutionary biology, and conservation (e.g. Borger & Ramesh 2025; 51 

Van Deynze et al. 2024; Dudney et al. 2025; Laubach et al. 2021; MacDonald et al. 2019; 52 

Schrodt et al. 2025; Simler-Williamson & Germino 2022), and several causal inference 53 

approaches have been summarized in recent publications (e.g. Addicott et al. 2022; Arif & 54 

MacNeil 2023; Butsic et al. 2017a; Correia et al. 2025, 2026; Franks et al. 2025; Grace & Irvine 55 

2020; Larsen et al. 2019a; Laubach et al. 2021; Siegel & Dee 2025; Wauchope et al. 2021). Our 56 

premise is that these approaches can improve causal understanding of ecological systems when 57 

used appropriately in conjunction with ecological reasoning and knowledge of study systems. 58 

The application of causal inference approaches from outside of ecology, however, has 59 

been met with some concern (e.g. Grace et al. 2025). Our own discussions with peers have 60 

revealed fears that, while methods from other fields could be useful, those methods could be 61 

applied without regard for ecological knowledge, leading to erroneous causal claims. Others 62 

view any causal method with suspicion if it is not based on an experimental design, regardless 63 

of the field from which the approach originates. Similarly, others feel that advocates for the use 64 

of such approaches are dismissive of prior ecological research or alternative methods. Left 65 
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unresolved, such misunderstandings risk discouraging engagement with methodological 66 

advances that can enhance ecological knowledge.  67 

 Here, we aim to address these concerns and explain why empirical causal research from 68 

diverse fields offers opportunities to build on and complement – rather than compete with – 69 

how ecologists already do empirical research. Causal inference approaches are not a statistical 70 

panacea: they cannot yield credible conclusions without knowledge of the study system. Yet, 71 

they are also not inherently incompatible with ecological complexity and questions. 72 

Additionally, recognizing experiments as the gold standard for causal inference does not 73 

preclude the careful, transparent, and biologically informed use of causal analyses with 74 

observational data. 75 

We organize our discussion around seven common concerns that have surfaced in 76 

teaching, peer review, and a couple recent publications (Grace 2024; Grace et al. 2025). In Box 77 

1, we summarize those concerns as a set of contrasting Myths and Clarifications, and then we 78 

elaborate on these clarifications in the rest of our essay. Throughout, we emphasize that causal 79 

inference is not a fundamental departure from, nor an attempt to reinvent, what ecologists 80 

already do; it formalizes and makes explicit reasoning that ecological research has long relied 81 

on. Our aim is not to advocate for a single method (sensu Wolkovich et al. 2026, page 6). In fact, 82 

causal inference is not a single method but rather a framework for structured thinking. Using 83 

a demonstrative example of wildfire and forest recovery (Figure 1), we illustrate some of the 84 

many pathways to causal understanding that leverage approaches from the causal inference 85 

literature and are used as part of an iterative, scientific process. We hope our clarification 86 

contributes to a more productive and transparent conversation about causal claims in ecology, 87 
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while encouraging ecologists to engage more deeply with recent advances in empirical causal 88 

research.  89 

 90 

 91 

Box 1. Seven Common Myths and Clarifications about Causal Inference Approaches 

Myth 1. The causal inference literature is solely about a limited set of statistical methods.  

Clarification: The causal research literature provides a unifying framework for posing and 

answering causal questions. Rather than just describing statistics or a particular method, it 

provides a way of thinking about the assumptions that allow one to make specific causal claims 

from data. 

Myth 2. Experiments automatically permit causal claims, but observational studies cannot. 

Clarification: Causal claims from experimental data and observational data rely on variations of 

the same sets of untestable causal assumptions, and thus the validity of causal claims depends 

on the plausibility of these assumptions in a study context rather than whether the design is 

experimental or observational.  

Myth 3. Causal inference approaches are applied independent of mechanistic ecological knowledge. 

Clarification: Causal claims in ecology, regardless of the method, require mechanistic knowledge 

of the study system, and the stronger that mechanistic knowledge, the more credible are the 

causal claims. 

Myth 4. Causal inference approaches cannot contribute to new mechanistic knowledge. 

Clarification: Causal inference approaches can create new mechanistic knowledge through the 

quantification of causal relationships, through mediation analyses that decompose causal 

relationships into their constituent pathways, and through moderator analyses that elucidate the 

heterogeneity of causal relationships across contexts. 

Myth 5. Causal inference approaches require more demanding assumptions than other empirical 

approaches in ecology. 

Clarification: The assumptions required to make causal claims from data are not unique to causal 

inference approaches; every empirical approach used in ecology relies on them. What differs is 

that causal inference states these assumptions explicitly, whereas mainstream approaches 

simply leave them implicit. 

Myth 6. Causal inference approaches are limited in the types of causal relationships they can 

elucidate and the range of empirical settings in which they can be applied. 

Clarification: Ecologists are applying these approaches to diverse causal questions, contexts, and 

data structures at an increasing rate.  

Myth 7. Causal inference approaches require perfection. 

Clarification: Causal inference requires clarity and transparency, not perfection. 
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1. CLARIFICATION 1: Causal inference is a framework for clarifying causal questions and 94 

assumptions not a set of statistical methods  95 

One common concern is that researchers adopting causal inference are advocating for a specific 96 

set of statistical methods, suggesting that experiments are no longer a pathway towards causal 97 

knowledge, or attempting to replace the incorporation of a priori biological and mechanistic 98 

knowledge with statistical tools. This is not the case.  99 

Causal inference is not a set of statistical techniques but rather a set of frameworks that 100 

share common principles: transparently stating assumptions, systematically eliminating rival 101 

explanations, and defining conditions under which causal claims are warranted. This 102 

overarching set of principles provides a structured approach for understanding how causal 103 

effects and their mechanisms can be defined, estimated, and interpreted – systematically, 104 

transparently, and in concert with existing knowledge (see Figure 2). Rather than aiming to 105 

replace ecological understanding with automated methods or statistical techniques alone, 106 

causal frameworks force us to think about the natural history of an ecological system and state 107 

our hypotheses about how the world works before deciding on a methodology to estimate 108 

causal effects. In this way, causal frameworks align with best practices in ecological research 109 

and provide processes for adhering to them.  110 

To elaborate, a central premise in causal inference is that data never speak for 111 

themselves (Correia et al. 2026): data alone cannot identify causal relationships. Different 112 

underlying processes and causal structures can generate the same patterns in data (Anscombe 113 
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1973; D’Agostino McGowan et al. 2024; Matejka & Fitzmaurice 2017). We might never know 114 

the true underlying data-generating process, meaning the underlying mechanisms, system, or 115 

set of rules that create the data we observe. The data come from a combination of known and 116 

unknown variables, relationships, parameters, and inherent randomness. However, we can 117 

interpret these data by combining it with causal assumptions justified by natural history, 118 

domain-specific theory (including conceptual and mathematical models), and prior studies.  119 

A core challenge with empirical causal research is that we face many rival explanations – 120 

alternative, often non-causal explanations – for relationships observed from data. Rival 121 

explanations can arise from sampling variability, unmeasured confounding variables (Addicott 122 

et al. 2022; Dee et al. 2023), interference among units (Rosenbaum 2012), model 123 

misspecification, measurement error, colliders (Arif & MacNeil 2023), and more. Rival 124 

explanations exist in experiments too (see Clarification #2 and Kimmel et al. 2021). Any of these 125 

rival explanations can obscure true causal relationships or result in spurious estimates of true 126 

relationships, leading to inaccurate conclusions about the sign and magnitude of causal 127 

relationships. For instance, if we observe a relationship between fire severity and forest 128 

regeneration, making a causal claim would involve ruling out that this observed relationship 129 

was due to other non-causal reasons, including measurement error of forest cover or greenness 130 

from satellites (Proctor et al. 2023) or confounding effects of topography or drought, which 131 

affect both fire severity and subsequent recovery potential (Littell et al. 2016; Stevens‐Rumann 132 

et al. 2018).   133 

Grappling with, and attempting to systematically rule out, rival explanations is 134 

foundational to causal inference and interpretation. Causal inference provides a useful, unified 135 
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vocabulary to discuss these rival explanations. This clarity of language can clarify concepts for 136 

students while enabling inter-researcher and inter-disciplinary transparency.  137 

In summary, causal inference frameworks are bound by a set of key principles, which 138 

include leveraging existing ecological knowledge, transparently working with assumptions, and 139 

systematically ruling out rival explanations. These principles can be applied using various 140 

methodologies and research designs, giving ecologists the freedom to select approaches that 141 

best align with their causal question(s) and data, and they do not exclude the value of 142 

experiments (e.g., the Rubin-Neyman model is itself rooted in experimental design thinking, 143 

extended to observational settings; Rubin 1974, 2005). Said another way, adopting causal 144 

inference frameworks does not mean advocating for a single method or research design, 145 

specific statistical methods, or a single thought process.  146 

In contrast, Grace (2024) and Grace et al. (2025) refer to this entire body of work as 147 

“causal statistics,” a term coined to contrast it with their “mechanistic investigations” (i.e., 148 

studies that characterize the structures and processes through which causes produce effects). 149 

We find the label misleading: it suggests a set of statistical techniques that are incompatible 150 

with understanding processes (see Clarification 3), when what unifies these approaches is a way 151 

of reasoning about assumptions and alternative explanations (Rubin 1974, 2005). Rather than 152 

replacing best practices in ecological research, causal inference offers added opportunities and 153 

formalized processes for robust investigation of causal relationships, across a wide range of 154 

ecological contexts.  155 

 156 
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2. CLARIFICATION 2: Causal claims are not limited to experiments but depend on the same 157 

untestable assumptions in both experimental and observational designs. 158 

A widespread misconception in ecological research is that experiments automatically yield 159 

causal estimates, whereas observational studies cannot. However, all research designs rely on 160 

causal assumptions, including randomized controlled experiments (reviewed in Kimmel et al. 161 

2021 and more generally in Correia et al. 2026).  162 

To illustrate, one consideration for experiments is whether the treatment itself affects 163 

an outcome of interest through pathways other than the cause of interest that is attempting to 164 

be manipulated. The key assumption, called “excludability,” is that it does not (see Kimmel et 165 

al. 2021).  As an example, consider an experiment using rainout shelters to simulate drought 166 

with the intent of studying the effects of drought on productivity. These rainout shelters could 167 

also alter light, temperature, or wind conditions, which means that the observed ecological 168 

responses may reflect more than just the effect of reduced precipitation. If so, the excludability 169 

assumption would be violated, and we cannot interpret the differences in productivity between 170 

sheltered and unsheltered plots as necessarily reflecting a causal relationship between drought 171 

and productivity. Researchers can use “procedural controls” to detect, quantify, and correct for 172 

the magnitude of the excludability assumption violation (Underwood 1986, 1996). Using this 173 

approach, for instance, Kreyling et al. (2017) did not find evidence that rainout shelters 174 

introduce microclimatic artifacts that affect plant physiology through pathways other than 175 

reduced rainfall. In practice, however, final publications of experimental studies in ecology 176 

rarely address the validity of causal assumptions explicitly or report on the implications for the 177 
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study’s causal claims if the assumptions were violated, even though these issues were likely 178 

considered by the researcher. 179 

When a procedural control is not available, or when other untestable causal 180 

assumptions besides excludability are in question, causal claims from experiments with 181 

potential violations of the excludability assumption rely on the same techniques used in 182 

observational studies. These include placebo tests (Ferraro & Hanauer 2014; Naidoo et al. 183 

2025), estimators that condition on observed or unobserved confounding variables (Dee et al. 184 

2023), redefining the target causal effect that we seek to estimate to one the design can 185 

credibly identify  (Kimmel et al. 2021a), or sensitivity analyses of the results to varying 186 

magnitudes of the potential violation (Andraczek et al. 2024; Brumberg et al. 2026; Cinelli & 187 

Hazlett 2020; Guizar-Coutiño et al. 2026). Leveraging these approaches in ecological 188 

experimental contexts is rarely done but represents an opportunity to improve inferences from 189 

imperfect experiments (reviewed in Kimmel et al. 2021a).  190 

 From the perspective of the causal inference literature, the line between an 191 

“observational” and an “experimental” study is blurry. The key issue is not whether a study is 192 

experimental or observational, but whether the assumptions required for causal interpretations 193 

are plausible and clearly articulated. These assumptions could be more plausible in 194 

experimental studies. Yet, acknowledging experiments as a gold standard for causal 195 

identification does not preclude causal claims from observational data when paired with the 196 

careful and transparent use of causal assumptions. In many cases, particularly when 197 

experiments are infeasible or unethical, observational data offers us the best shot at answering 198 
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important causal questions (Figure 1). Well-designed observational studies with plausible, 199 

clearly articulated assumptions complement experiments and can also offer valuable a source 200 

of causal. Thus, valuing well-designed observational studies does not imply a movement away 201 

from valuing experiments.  202 

 203 

3. CLARIFICATION 3: Causal inference approaches rely on mechanistic ecological knowledge 204 

and theory 205 

A recent paper by Grace (2024) has mischaracterized the broader causal literature proposing 206 

that “there is a key ingredient missing from standard causal statistical analysis, specifically a 207 

consideration of preexisting mechanistic knowledge” (Grace 2024, page 1). Grace et al. (2025) 208 

then create a false dichotomy between established causal frameworks and studies that 209 

integrate mechanistic understanding. In truth, established causal frameworks rely, to varying 210 

degrees, on the integration of pre-existing mechanistic knowledge (Correia et al. 2026; Siegel & 211 

Dee 2025; Figure 2). As stated by Pearl (2010), “such questions require some knowledge of the 212 

data-generating process, and cannot be computed from the data alone, nor from the 213 

distributions that govern the data.” This knowledge is essential for informing and satisfying the 214 

causal assumptions that allow researchers to interpret empirical relationships as causal (see 215 

Clarifications #1 and #2).  216 

Carrying out causal analyses without knowledge of the underlying system structure can 217 

lead to erroneous causal claims, as the correct causal interpretation depends on understanding 218 

how variables in a system are causally connected, including through underlying ecological 219 

mechanisms (Cunningham 2021; D’Agostino McGowan et al. 2024; Elwert & Winship 2014; 220 
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Pearl 2011). Whether it comes from formal theory, prior empirical work, or natural history 221 

observations, pre-existing mechanistic knowledge shapes the research question, study aims, 222 

hypotheses, study design, interpretation of estimated relationships, and evaluation of a study’s 223 

credibility (Figure 1).  224 

A clear example of how pre-existing mechanistic knowledge is integrated in causal 225 

analysis is in the use of causal diagrams. Causal diagrams draw on pre-existing mechanistic 226 

knowledge from diverse sources to visualize the hypothesized underlying causal structure of a 227 

system, providing researchers with a formal process for identifying and mitigating confounding 228 

and other sources of bias (Bollen & Pearl 2013; Pearl 2009). These diagrams have become a 229 

foundational tool across disciplines and allow researchers to transparently communicate their 230 

assumptions about how variables may be causally connected within their study system 231 

(D’Agostino McGowan et al. 2024; Gutierrez et al. 2025; Pearl 2009, 2011). Researchers have 232 

developed causal diagrams that integrate mechanistic knowledge from various sources, 233 

including scientific literature (Ferguson et al. 2020), expert elicitation (Mascaro et al. 2023), and 234 

community voices (Marziali et al. 2026). Once generated, these diagrams help researchers 235 

assess whether causal assumptions can be plausibly satisfied and guide the development of 236 

causal analyses, for example by quantifying causal effects from observational data (for 237 

biological applications, see Arif & MacNeil 2023 and Laubach et al. 2021). 238 

Mechanistic knowledge shapes not only how researchers construct causal diagrams, but 239 

also how they select and apply causal methods more broadly. Whether or not causal diagrams 240 

are used to codify prior knowledge, quasi-experimental designs make explicit use of existing 241 

mechanistic knowledge (reviewed in Butsic et al. 2017b; Byrnes & Dee 2025; Larsen et al. 2019; 242 
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Siegel & Dee 2025). For example, consider a study seeking to quantify the effect of bark beetle 243 

outbreaks on forest structure. Methods based on propensity scores leverage mechanistic 244 

knowledge about the determinants of bark beetle occurrence to develop a model of the 245 

treatment assignment process, which allows the researcher to control for confounding 246 

variables that affect both bark beetle occurrence and forest structure. In contrast, methods 247 

based on regression discontinuity designs leverage knowledge that bark beetle occurrence 248 

changes abruptly at a specific threshold value of another variable (e.g., at administrative 249 

boundaries where different management practices create sharp differences in beetle densities 250 

on either side), and whether other ecological factors also change at that same threshold in 251 

ways that could independently influence forest structure (Imbens & Lemieux 2008). The 252 

mechanistic knowledge that underlies these studies is not part of the statistical methods 253 

themselves but are an important part of satisfying the method's causal assumptions (see 254 

Clarification #1). 255 

Proposed alternative paradigms using mechanistic knowledge to impart causal 256 

interpretation to statistical relationships in Grace (2024) and Grace et al. (2025) are not actually 257 

different from this integration of prior mechanistic knowledge into the assumptions and design 258 

of causal analyses. In fact, the mechanistic-investigation example in Grace et al. (2025) and 259 

(2026) of mangrove-freeze responses (based on Martinez et al. 2023) actually applies a quasi-260 

experimental, difference-in-differences design without referring to it that. Thus, the recent, 261 

false dichotomy between “causal statistics” and “causal mechanistic investigation” coined by 262 

Grace et al. creates an unnecessary division that can lead to more confusion than clarity. We 263 
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elaborate on why we view this distinction as a false dichotomy in Supporting Information 1: 264 

Mechanistic investigations as causal inference exercises. 265 

When prior knowledge is more limited, causal discovery methods can be applied to 266 

generate plausible causal graphs from data (Figure 1; Figure 2; Correia et al. 2026). Causal 267 

discovery methods use patterns of statistical independence and dependence among variables 268 

to identify potential causal relationships from data (Glymour et al. 2019; Spirtes et al. 2001), 269 

including for dynamic, non-linear systems (Sugihara et al. 2012), or in the presence of latent 270 

confounding (Richardson & Spirtes 2002; Spirtes et al. 2001). Many causal discovery methods 271 

exist and more continue to emerge; like other causal methods, each operate under a set of 272 

causal assumptions and data requirements (Correia et al. 2026; Glymour et al. 2019; Runge et 273 

al. 2019; Spirtes et al. 1993). Causal discovery still relies on a researcher’s pre-existing 274 

mechanistic knowledge to assess the credibility of causal assumptions (e.g., whether 275 

unmeasured confounders are assumed absent or allowed for, with corresponding implications 276 

for the strength of causal claims drawn); to constrain the possibilities of causal relationships; 277 

and to interpret and refine the resulting causal diagram (Correia et al. 2026). While causal 278 

discovery methods relax some assumptions required in causal inference (e.g. the causal graph is 279 

known), they provide weaker conclusions: they identify the existence of relationships rather 280 

than quantify them. In other words, causal discovery tackles a different causal task than causal 281 

inference: detecting the existence of plausible causal pathways, rather than estimating their 282 

magnitude (reviewed in Correia et al 2026). Because causal discovery primarily focuses on 283 

detecting the existence of plausible causal pathways rather than estimating their magnitude 284 

without bias, the mechanistic knowledge a researcher brings to the task is especially crucial, as 285 
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it determines which proposed relationships are ecologically plausible and which can be ruled 286 

out before the data are even examined (Correia et al. 2026). When prior knowledge of a system 287 

or mechanism is limited, initial descriptive studies (e.g. systematic observation, descriptive 288 

statistics) remain essential (Figure 2). 289 

As D’Agostino McGowan et al. (2024) put it, causal research techniques have always 290 

depended on pre-existing mechanistic knowledge and are “not just a statistics problem.” Thus, 291 

causal inference should not be misrepresented or reduced to “causal statistics.” Instead, 292 

researchers should continue to transparently leverage pre-existing mechanistic knowledge, 293 

pairing it with varied causal inference approaches and datasets (Figure 2), to strengthen our 294 

causal understanding of the natural world.  295 

 296 

4. CLARIFICATION 4: Causal inference approaches can generate new mechanistic knowledge 297 

A related concern is that approaches from causal inference can only estimate the size of an 298 

effect and cannot generate new knowledge about the mechanisms that produce it. This 299 

undersells what these approaches can do. 300 

In a recent paper, Grace et al. (2025) introduce the term “causal statistics” for the 301 

existing causal inference literature and contrast it with what they call “causal mechanistic 302 

investigations,” presenting the two as "Traditions With Different Requirements and 303 

Contributions Towards Causal Understanding” in their title. They emphasize that “statistical and 304 

mechanistic approaches do not necessarily yield similar kinds of information” (page 4), advocate 305 

that “the tenets of causal statistics and the apparent conflict with the norms in the natural 306 
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sciences” (page 2), and that causal effects estimates “by themselves tell us little about the 307 

underlying processes” (page 5), implying that approaches from causal inference are 308 

inappropriate for advancing our knowledge of ecological mechanisms. This perspective creates 309 

a false dichotomy that may unnecessarily limit the approaches that ecologists consider, 310 

potentially leaving mechanistic knowledge on the table. Indeed, the study from which Grace 311 

(2024) and Grace et al. (2025) draw their mechanistic example (Martinez et al. 2023) itself pairs 312 

that mechanistic analysis with a quasi-experimental analysis quantifying the causal effect of the 313 

freeze event on mangrove cover (an analysis Grace presents as an instance of “causal statistics” 314 

rather than recognizing it as evidence that the two traditions are complementary), illustrating 315 

precisely the false dichotomy we argue against here (see Supporting Information SI1). 316 

Approaches from causal inference can serve many different goals, one of which is to 317 

improve our understanding of ecological mechanisms (e.g., Correia et al. 2025; Morgan & 318 

Winship 2015; Wiens et al. 1993). Causal mediation analyses advance mechanistic knowledge 319 

by quantifying the processes through which causal effects arise and decomposing total causal 320 

effects into their direct and indirect pathways via mediating variables (Fairchild & MacKinnon 321 

2009; Imai et al. 2010, 2012; Imai & Yamamoto 2013; Morgan & Winship 2015; Shpitser 2013; 322 

VanderWeele 2015, 2010). Mediation analysis offers a flexible suite of approaches that are 323 

appropriate for both ecological and management-focused questions (reviewed in (Correia et al. 324 

2025). Here, too, causal assumptions are essential because a main goal is still to identify and 325 

eliminate rival explanations for observed correlations (Correia et al. 2025; Pearl 2011; Richiardi 326 

et al. 2013; Robins & Greenland 1992; Shpitser 2013).  327 

 328 
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Across all these approaches, the research questions and associated research designs 329 

determine whether a study can contribute mechanistic knowledge, not a specific method. A 330 

study asking ‘how large is this effect overall?’ will not necessarily generate mechanistic 331 

knowledge, while one asking ‘through what processes does the effect operate?’ is more likely to 332 

do so. This is essentially the distinction made in (Tilman 1987), who challenged whether his 333 

peers’ experiments could test for the presence of interspecific competition. Tilman certainly did 334 

not discard experiments wholesale; instead, he challenged specific research designs (the 335 

choices of treatment and outcome variables). The same logic applies here: ecologists using 336 

tools from causal inference can generate mechanistic knowledge, but it is the specific research 337 

question and design that will determine whether a study does so.  338 

Still, we acknowledge that a better understanding of the effects of individual causes and 339 

their mediators (i.e., local causal dependencies) might not be sufficient to build a complete 340 

mechanistic theory of how an effect arises (i.e., a “mechanism” in the sense of (Craver & 341 

Darden 2013), but we believe this understanding is a necessary condition for progress towards 342 

that goal.  343 

 344 

5. CLARIFICATION 5: Causal inference requires assumptions shared with all empirical 345 

approaches for causal questions in ecology 346 

An emerging concern about causal inference approaches is that they demand satisfaction of 347 

“an extensive list of restrictions” for verifying assumptions, characterized as a “perfection 348 

standard” (Grace et al. 2025, pages 2 and 4), rather than allowing expert judgment about bias 349 
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based on mechanistic knowledge. This characterization mischaracterizes the goal of causal 350 

inference. The aim is not perfection in verifying assumptions, but transparency in stating them 351 

so that scientists can systematically assess their plausibility based on domain knowledge. Every 352 

research design makes causal assumptions, even carefully designed experiments (Kimmel et al. 353 

2021b). Newer-to-ecology tools from causal inference do not introduce new assumptions 354 

where none existed before but rather make explicit the causal assumptions implicit in other 355 

commonly used techniques and encourage researchers to transparently present, probe, and 356 

justify them based on existing knowledge. 357 

To illustrate, Structural equation models (SEM), widely used in ecology to evaluate 358 

hypothesized causal pathways (Grace et al. 2010, 2012; Shipley 2004, 2009), are a are a clear 359 

example of a familiar ecological tool that already relies on demanding causal assumptions 360 

(reviewed in (Bollen & Pearl 2013; Grace et al. 2012; Grace & Irvine 2020; Shipley 2004), 361 

whether or not researchers articulate them. Assumptions to guarantee unbiased estimates in 362 

SEMs include, but are not limited to, (1) all relevant causal relationships (“paths”) among 363 

included variables are correctly specified; (2) no important causal pathways are omitted; (3) no 364 

causal relationships are specified between variables that are not causally connected; (4) all 365 

paths through which X influences Y, whether direct or through mediating variables, are 366 

correctly and completely specified; (5) unobserved confounders are accounted for via specified 367 

correlations or other appropriate techniques (e.g. latent variables); and more (assumptions 368 

reviewed in Bollen & Pearl 2012; Pearl 2014). When these assumptions are violated, the 369 

estimated relationships could differ from true causal relationships in both magnitude and sign 370 

(Bollen & Pearl 2012, 2013; Grace et al. 2012; Grace & Irvine 2020; Shipley 2004). Studies using 371 
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SEM in ecology, however, rarely articulate these assumptions (but see Lefcheck & Duffy 2015: 372 

Appendix B) or assess how plausible violations could alter the study conclusions.  373 

SEM is not unique in this regard: all approaches to causal analyses make assumptions. 374 

The broader causal literature has clarified the assumptions required for interpreting a 375 

relationship estimated from data as causal across a wide range of contexts and data structures. 376 

Expert knowledge, broadly defined, is then needed to assess the plausibility and validity of 377 

those assumptions for a particular study or context. This literature provides a principled 378 

approach and set of tools that can help ecologists more explicitly align research questions, 379 

assumptions, and analytical strategies when designing studies for observational data and 380 

experiments (e.g., Gerber & Green 2012; Kimmel et al. 2021). The suitability and comparative 381 

advantages of each design depend on the research question, aim, data availability, plausibility 382 

of meeting the approach’s assumptions, and the extent of prior domain knowledge. In this light, 383 

we do not view any single statistical approach as universally superior for causal inference (e.g. 384 

two-way fixed effects vs. SEM vs. instrumental variable designs).  385 

In summary, rather than imposing new burdens on ecological research, the causal 386 

inference literature provides tools for making visible the assumptions that were always there, 387 

so that ecologists can assess, justify, and communicate their causal claims transparently.  388 

6. CLARIFICATION 6: Causal inference approaches apply across diverse questions, contexts, 389 

and data structures 390 
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Causal inference methods are being applied to diverse questions and applications, yet some 391 

ecologists claim that causal inference approaches are ‘too restrictive’ for characterizing 392 

ecological relationships, arguing that studying continuous treatments or pooling data across 393 

sites places ecological research “outside the conditions required for strict counterfactual 394 

comparisons” (Grace et al. 2025, page 10). These concerns are unfounded. (Grace et al. 2025) 395 

The suite of causal inference approaches can collectively, and flexibility, meet the 396 

diverse needs of many ecological analyses. Already, these approaches are being used to 397 

address a wide variety of questions across many different systems, scales, data structures, and 398 

aims, including attribution of biodiversity loss (Van Deynze et al. 2024; Schrodt et al. 2025), 399 

climate change (Dudney et al. 2021, 2025; Suskiewicz et al. 2024), restoration and conservation 400 

(Andam et al. 2008; Fick et al. 2021; Joppa & Pfaff 2009; Pfaff & Robalino 2012; Simler-401 

Williamson & Germino 2022); disease dynamics (e.g. Macdonald & Mordecai 2020), animal 402 

behavior (Borger & Ramesh 2025; Laubach et al. 2021), fire ecology (Siegel et al. 2022), and 403 

biodiversity-ecosystem functioning (Andraczek et al. 2024; Dee et al. 2023). Exciting 404 

applications to new questions and data structures are emerging each month (e.g., Boyd et al. 405 

2026; Kaiser et al. 2025; Tabell et al. 2026).    406 

Consider first the objection of Grace et al. (2025) that causal inference tools cannot be 407 

applied to data pooled across study sites (Grace et al 2025, pages 9-11). In fact, many of the 408 

research designs underpinning these tools are specifically designed to address the confounding 409 

that arises when data are pooled across sites with different background conditions. Three 410 

quasi-experimental techniques illustrate this, using fire as an example. Propensity score 411 
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approaches directly model how fire exposure relates to other site characteristics so that 412 

confounding effects of site differences can be removed through matching, reweighting, or 413 

regression adjustment (Butsic et al. 2017; Stuart 2010). Site effects in difference-in-differences 414 

designs adjust for static site characteristics, so that estimation relates changes in outcomes to 415 

changes in fire characteristics (e.g. Wauchope et al. 2021). Spatial regression discontinuity 416 

approaches leverage spatial discontinuities in fire exposure at fire boundaries, comparing 417 

outcomes at adjacent locations within sites so that multi-site datasets can be combined without 418 

cross-site differences confounding the comparison (Imbens & Lemieux 2008).  419 

The second objection, that causal inference tools are restricted to binary treatments 420 

(Grace et al 2025, page 10) is equally unfounded. Indeed, a large body of literature specifically 421 

addresses the use of such methods with continuous and categorical treatments (e.g. Chen et al. 422 

2025; Kazemi & Olsen 2024; Lee et al. 2025). Figure 1 illustrates the range of questions these 423 

tools can address, using forest recovery following fires of different severities as a motivating 424 

topic. Causal inference tools can be used to study the effects of binary (fire or not), continuous 425 

(fire severity), or multi-valued (low, medium or high severity) treatments. Depending on the 426 

question, estimation can focus on far more than a single average treatment effect. Ecologists 427 

can study heterogeneity using conditional average treatment effects (e.g., allowing effects of 428 

fire on recovery to depend on pre-fire drought) or quantile treatment effects (e.g., what is the 429 

effect of fire on the 10th percentile of biomass in forests?). Other non-linearities can also be 430 

accommodated, increasingly flexibly (Arif 2025; Athey & Imbens 2016). As discussed in 431 

Clarification #4, effects can also be decomposed to unpack the effects of mechanisms using 432 

mediation analyses.  433 
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Moreover, in the presence of uncertainty, ecologists can also estimate bounds on 434 

effects using partial identification approaches, which relax the assumptions needed for point 435 

estimation of a causal effect in exchange for a less precise range of effect values (Kline & Tamer 436 

2023; Manski 1989). For example, when studying the effects of plantations on pine invasions, 437 

(McConnachie et al. 2015) assume plantations were placed in areas with greater counterfactual 438 

pine cover rather than randomly, replacing an equality assumption (exogeneity) with an 439 

inequality (e.g., the conditional mean of the error term is nonnegative). Bounds may also be 440 

more practically useful; for example, we may want to know if a pulse perturbation is strong 441 

enough to drive a population to local extinction, but beyond a critical threshold the exact effect 442 

strength is less important.  443 

As these examples illustrate, causal inference tools can be applied to data spanning 444 

many different empirical conditions (e.g., from different sites in ecological networks) and to 445 

estimate many different types of relationships (e.g. bounds, heterogeneous treatment effects), 446 

which is a far wider range than restrictive characterizations of causal inference suggest (Grace 447 

2024; Grace et al 2025). 448 

7. CLARIFICATION 7: Causal inference requires clarity and transparency, not perfection 449 

Grace et al. (2025) claim that causal inference requires “a perfection standard” (page 4), i.e., 450 

assumptions that are impossible to meet in practice, and acceptance of this perfection standard 451 

“places many scientific questions of importance for understanding ecological systems off limits 452 

to causal investigation” (page 12). We disagree with this characterization, and with the 453 

alternative “useful approximation standard” proposed in place of causal assumptions (Box 2).  454 
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We agree that perfection is unattainable. We lack infinite resources, face feasibility 455 

constraints, and collect noisy measurements, even when conducting randomized controlled 456 

experiments (Kimmel et al. 2021). If we required perfection, we would likely have to discard 457 

almost all ecological studies, including causal studies using observational data, experimental 458 

studies in messy field settings where implementation is not perfect, models that use 459 

approximations to reality, and descriptive studies by observers with incomplete system 460 

knowledge.  461 

Perfection is not, however, what causal inference requires. The causal literature uses 462 

hypothetical idealized study designs to clarify what perfection would look like, then asks us to 463 

be transparent about how our work departs from that ideal and about whether those 464 

departures would change our conclusions. In this way, a binary distinction between ‘causal’ and 465 

‘non-causal’ analyses and claims is inappropriate. Instead, there is a spectrum from ‘more 466 

plausibly causal’ to ‘less plausibly causal’ that the causal inference paradigm establishes, with 467 

domain knowledge placing a study on that spectrum. 468 

Transparency – not perfection – is the goal. We all know no single study is perfect. It is 469 

the authors’ transparency about what exactly they did that allows science to continue 470 

advancing. Transparency allows researchers to interpret and report their own results 471 

cautiously, enables others to assess whether they agree the causal assumptions hold, and 472 

invites future work to reduce the uncertainties that lead to different results (Dee et al. 2026). 473 

Transparency is important because empirical causal claims rarely come from direct observation 474 
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of the true, underlying data generating process; they rest on a combination of data, pre-existing 475 

knowledge, and causal assumptions. 476 

Assessing and being transparent about how much weight those assumptions can bear 477 

proceeds in three steps. First, we envision the “ideal experiment” for a causal question of 478 

interest. This ideal experiment is often unattainable; for example, ethically we should not cause 479 

species extinctions, nor can we feasibly manipulate all possible combinations of species at 480 

relevant scales. Second, we seek to approximate the ideal experiment as best as possible with 481 

an alternate research design that can identify causal relationships under certain assumptions 482 

(Hernán & Robins 2016; Hernan & Robins 2024; Rubin 1974). Finally, because causal 483 

assumptions cannot be verified directly from data, the third step is to be our own critic: we 484 

assess the plausibility that our causal assumptions hold in our empirical setting, seek evidence 485 

consistent with violations of those assumptions, and ask how those violations would change our 486 

conclusions be (Hernán & Robins 2016; Hernan & Robins 2024). Collectively, these steps 487 

provide us with some insights into how far away from “ideal” we may so that we and others can 488 

assess what and how much we can learn from our study.  489 

Expecting imperfection, the third step in the pursuit of transparency asks about the 490 

consequences of imperfection. This third step warrants elaboration, because it is where our 491 

approach and that of Grace (2024) and Grace et al. (2025) diverge on what counts as adequate 492 

scrutiny. Probing the consequences of imperfection is a core part of the overall causal research 493 

process (see Clarification #1). To help understand the extent to which model specification 494 

decisions or potential violations of causal assumptions change inferences, we conduct 495 
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robustness checks and formal sensitivity analyses (for useful examples of robustness checks, 496 

see Dee et al. 2023 and Dudney et al. 2025). In contrast, Grace et al. (2025) propose a "useful 497 

approximation" for defending causal claims, which requires assessing whether bias is likely 498 

smaller than the estimated causal effect. This asks the right question but offers no means of 499 

answering it: the criterion is fundamentally untestable, because assessing whether it holds 500 

requires quantifying the very unmeasured confounding we cannot observe (Box 2). Such an 501 

approach may be useful in cases of extraordinarily strong immediate effects and simple systems 502 

-- for example in the question of whether airplane crashes cause deaths (Grace 2024). However, 503 

ecological systems are inherently complex, with ecological analyses often targeting effects of 504 

unknown size, and at various time and distance from a cause.  505 

 Sensitivity analyses address the same question with concrete tools to ask, “how strong 506 

would bias from an unmeasured confounder, measurement error, or other causal assumption 507 

violation have to be to overturn the result?” Such tools include quantifying how strong an 508 

unmeasured confounder would need to be to nullify an estimated effect (Cinelli & Hazlett 2020; 509 

Oster 2017); calculating bounds on how much estimates could shift under worst-case bias 510 

scenarios with partial identification (Manski 2020); and injecting simulated biases into datasets 511 

to observe how much conclusions change (Cinquini et al. 2025). By reporting these sensitivity 512 

analyses, researchers can show that any plausible bias is unlikely to exceed the estimated 513 

effect, even in the absence of perfect mechanistic knowledge or uncertainty (e.g. see ecological 514 

examples in Andraczek et al. 2024; Brumberg et al. 2026; Dee et al. 2023; Guizar-Coutiño et al. 515 

2026; Naidoo et al. 2025).  516 

 517 
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Taken together, we argue that transparently grappling with and presenting causal 518 

assumptions helps subject matter experts assess their plausibility given the data, analysis, 519 

context, and research question (also see Dee et al. 2026) . The plausibility of meeting 520 

assumptions, and thus the validity of results, can then be debated.  Such disagreements can 521 

identify the uncertainties that matter most, informing future analyses (e.g. see Dee et al. 2026). 522 

Causal understanding thus accumulates not by certifying individual studies as causal or not, but 523 

by progressively narrowing what remains in doubt over time.  524 

Outlook and Conclusions 525 

In our essay, we have argued that engagement with the modern literature on empirical causal 526 

research is not a break from the way ecologists do science. In addressing seven myths that 527 

could falsely position causal inference at odds with the norms and practices of ecology, we have 528 

shown that this literature extends modes of causal, mechanistic reasoning that biologists and 529 

ecologists have long used, dating back to Darwin and Mendel. What the causal literature adds is 530 

a way of making the assumptions underlying that reasoning explicit and assessable. Therefore, 531 

encourage broader engagement of ecologists with this rapidly evolving, multi-disciplinary 532 

literature.  533 

This literature offers a flexible and growing set of approaches suited to many different 534 

research questions and inferential goals. We therefore envision an inclusive and collaborative 535 

future where theory, experiments, causal inference workflows for observational data, and 536 

causal discovery inform one another (e.g. (Correia et al. 2026; Runge et al. 2019; Schrodt et al. 537 

2025). Several ecological studies already exemplify such integration (e.g., Arif & MacNeil 2022; 538 
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Arif & Massey 2023; Suskiewicz et al. 2024). This integration is also reflected in high-stakes 539 

policy assessments. For example, the U.S. framework for assessing causal relationships 540 

between air pollution and effects on health and ecological welfare, for example, combines 541 

weight-of-evidence reasoning with counterfactual and quasi-experimental approaches 542 

(National Academies of Sciences 2022; i.e., see Appendix C). 543 

The approaches in this literature, however, are not a panacea, nor does they provide 544 

easy, off-the-shelf solutions to causal questions in every context. The concepts and methods 545 

offered in the causal literature can sharpen causal claims and contribute mechanistic 546 

understanding, but they are unlikely, by themselves, to provide a complete mechanistic account 547 

of ecological systems in the sense of Craver & Darden (2013). Moreover, applying techniques 548 

from this literature without explicitly stating and critically evaluating their causal assumptions 549 

can lead to incorrect inferences while creating the appearance of progress in causal 550 

understanding.  551 

Practices that promote transparency and interrogate causal assumptions are therefore 552 

essential to the credibility and robustness of causal claims (Dee et al. 2026; National Academies 553 

of Sciences 2022). These practices include stating and justifying causal assumptions, performing 554 

sensitivity tests (Cinelli & Hazlett 2020; Dee et al. 2023; Guizar-Coutiño et al. 2026), and 555 

assessing whether findings are consistent with process-based models or natural history 556 

knowledge. Indeed, causal claims are strengthened when multiple, divergent lines of evidence 557 

converge, an aim that frameworks for evidence triangulation can facilitate (Dee et al. 2026; 558 

Gutierrez et al. 2025; Lawlor et al. 2016; Matthay et al. 2020). The causal literature also 559 

provides guidance for specifying and interpreting what causal relationships can be estimated 560 
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from our data (the “estimand”) and for assessing the populations and settings to which our 561 

empirical understandings can be generalized or transported (see Bareinboim & Pearl 2016; 562 

Spake et al. 2025; Tabell et al. 2026).   563 

 Crucially, engagement with the broader causal literature need not be a one-way transfer 564 

of methods into ecology. It can also enable ecologists to develop new causal frameworks and 565 

shape causal research in other disciplines. For example, convergent cross mapping, which was 566 

developed in ecology for causal discovery in dynamic and non-linear systems (Sugihara et al. 567 

2012), has already been adopted across multiple disciplines (e.g., (Runge et al. 2019; Schiecke 568 

et al. 2015; Tsonis et al. 2018). Ecology’s rich history of creative experimental approaches can 569 

likewise offer lessons to other fields. Experimental economics, for example, may benefit from 570 

how ecologists have approached generalizability (i.e., “external validity”) of experimental 571 

evidence. Relevant practices include reporting standards that facilitate evidence synthesis and 572 

meta-analyses (e.g., Nakagawa et al. 2023; O’Dea et al. 2021), as well as coordinated research 573 

networks that apply comparable protocols across contexts to build cumulative knowledge and 574 

characterize context-dependence (Borer et al. 2014, 2023). By engaging with the broader 575 

literature on empirical causal research, ecologists can deepen causal understanding within our 576 

field while contributing distinctively ecological insights to a richer and more pluralistic 577 

understanding of causality.   578 
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Display Items 585 

FIGURE 1. The causal inference literature offers multiple pathways for empirical causal 586 

understanding for a variety of research questions, including about mechanisms. These 587 

frameworks draw on and complement theory, natural history observations, and process-based 588 

models and can be braided with other ways of knowing (Gazing Wolf et al. 2024). Approaches 589 

can be tailored to diverse research questions and goals and include methods for learning 590 

potential causal structures in data and for estimating average effects, heterogeneous effects 591 

(Athey & Wager 2019; Jawadekar et al. 2023), mechanisms (Correia et al. 2025; Morgan & 592 

Winship 2015; VanderWeele 2015, 2010), and more (e.g. Spake et al. 2025). Approaches can be 593 

used together and iteratively as part of the scientific process to enrich understanding of 594 

dynamic, complex ecosystems and to provide robust evidence for conservation and other 595 

interventions. For instance, a researcher could start with causal discovery to generate a causal 596 

graph and associated hypotheses (e.g. what is a plausible causal graph relating fire to forest 597 

recovery?), validate or reject those plausible graphs with domain knowledge, then progress to 598 

mediation analyses (e.g. to quantify how much fire severity mediates the effect of fires on post-599 

fire recovery trajectories or ecosystem transformations).  600 

 601 
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Figure 2. The causal research literature offers more than methods – it offers a workflow for 610 

thinking about, doing, interpreting, and reporting science in ways that are compatible with 611 

ecological research. This figure shows one potential workflow for causal analyses, illustrating 612 

that causal analysis is a structured but flexible process, inclusive of a variety of methods and 613 

frameworks, modified from Correia et al. (2026). Developing knowledge and theory prior to 614 

causal analyses, including about mechanisms, can draw on many sources (including but not 615 

limited to those included in the SI of Correia et al. 2026). 616 



32 

 617 

 618 

Box 2.  Transparency or the Useful Approximation Standard? 619 
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Our emphasis on the transparent articulation of causal assumptions, and on methods that help 620 

satisfy them (for example, by reducing unmeasured confounding), is characterized by Grace 621 

(2024) and Grace et al. (2025) as an unrealistic “perfection standard.” Instead, they advocate 622 

for what they call a “useful approximation standard." They argue that an estimate may be 623 

treated as causal so long as the causal component of an estimate is believed to exceed its bias 624 

component: |𝛽| > |𝜓|, where 𝛽 is the unobserved true effect and 𝜓 the unobserved bias, and 625 

only their sum is identified by the data.  626 

We see four problems with this standard.  627 

 628 

First, the inequality is untestable, even with infinite data. Assessing whether it holds requires 629 

knowledge of the strength of unmeasured confounders or of other uncontrolled sources of 630 

bias, such as colliders or non-classical measurement error. But these quantities are unobserved. 631 

In the case of confounding, we may not even be able to name all relevant confounders. The 632 

standard therefore rests on an untestable and, in our view, very strong assumption about the 633 

magnitude of hidden biases. 634 

 635 

Second, in science and policy, the magnitudes of causal effects matter as much as their sign. 636 

Even if the useful approximation inequality held, a researcher could at best infer the correct 637 

sign of an effect. But in ecology, effect sizes are often as important as, or more important than, 638 

effect signs. For example, we may care less about whether temperature has a non-zero effect 639 

on vegetation productivity than about how the magnitude of that effect varies across different 640 

temperatures. Likewise, in coastal systems, the key question may not be whether coastal 641 
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eutrophication has any effect on fisheries, but how much eutrophication can occur before 642 

oxygen depletion becomes critical. Errors in effect size estimation can have serious 643 

consequences for science and policy, especially when resources are limited.  644 

 645 

Third, ecologists do not need to choose between perfection and inaction. We have tools for 646 

reducing the influence of unmeasured confounding variables and for relaxing unrealistic 647 

assumptions. No analysis can be perfect, but that is precisely why we should use the best 648 

available tools to obtain the most credible estimates possible. 649 

 650 

Fourth, the useful approximation standard offers no procedure for translating prior knowledge 651 

into analytical decisions. Both Grace (2024, page 15) and Grace et al. (2025, page 9) state that 652 

the short-term goal of causal knowledge analysis is “to inform decisions related to the statistical 653 

procedures appropriate for analyzing new data,” but neither specifies which decisions prior 654 

knowledge should govern, or how. The broader causal literature does provide such guidance 655 

(see Correia et al. 2026; Siegel & Dee 2025). 656 

 657 

No causal analysis is perfect. For that reason, we emphasize transparency about potential 658 

threats to causal interpretations and about the implications of possible violations of causal 659 

assumptions. Grace et al. (2025, page 2) describe their own paradigm as one “not defined by 660 

rigid adherence to specific practices,” in explicit contrast to the paradigm they attribute to 661 

causal statistics. But they mistake which practice is at issue. We do not urge rigid adherence to 662 

any particular method, study design, or threshold for acceptable bias. We instead urge a 663 
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commitment to transparency about the plausibility of the causal assumptions that underlie 664 

causal claims, and about the degree to which these claims change under plausible violations of 665 

those assumptions. We believe this practice is essential for robust, credible empirical ecological 666 

science. 667 
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