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Abstract  

Rigorous scientific evidence requires both “transparency in action” about the research process 

and “transparency in thought” about the assumptions and logic underlying decisions. The open 

science movement has emphasized transparency in action, including open data and code 

standards. In parallel, causal inference literature has emphasized transparency in thought, 

particularly around the assumptions needed to make causal claims and the limits on our 

inferences. These two topics, however, are rarely discussed together in ecological and 

conservation research. Here, we demonstrate how research practices that increase 



transparency around causal inferences complement the open science agenda. To illustrate, we 

use a case study on the direct and indirect effects of drought on dryland plant productivity 

through soil moisture. We use two expert-elicited causal graphical hypotheses to highlight how 

causal inference practices and workflows help reveal true scientific uncertainties versus simply 

differences in analytical choices that may muddle transparency in thought. Cross pollination 

between the open science and causal inference communities can expand both the 

reproducibility and credible of causal claims in ecology and conservation.  

Introduction 

Rigorous, evidence-based information is increasingly important in ecology and conservation as 

the field confronts the pressing challenges of global environmental change [1] and declines in 

public trust in science [2,3]. Without transparent and replicable research practices, ecological 

knowledge is difficult to recreate, verify, apply to real-world problems, or synthesize in meta-

analyses and science–policy efforts such as the IPCC and IPBES. Incomplete documentation of 

methods and selective reporting have long hindered the reproducibility and interpretability of 

ecological and conservation studies [4–6]. Opaque practices can also obscure the logic behind 

research decisions and assumptions and can bias the inferences that follow. As a result, a key 

element of producing rigorous evidence is transparency in action and in thought — in why and 

how research is designed, implemented, and interpreted.   

To date, the open science movement in ecology and evolution has focused primarily on 

transparency in the research process — or “transparency in action.” Efforts focused on 

publishing data and code, improved reporting standards, preregistration, and reforms to peer 

review, publishing, and institutional incentives have produced real gains [7–11]. For example, 

many journals now require data and code availability, and a growing number offer registered 

reports [8,10,12]. Yet, open data and code can make an analysis reproducible without 

necessarily making its conclusions replicable. The reasoning, assumptions, and analytical 

choices that link data to inference are often under-documented [13,14]. A natural next step is to 

integrate causal inference concepts that clarify the reasoning connecting data to inference for 

empirical analyses focused on causal questions. 



 Causal inference frameworks promote a complementary form of transparency: 

“transparency in thought.” They emphasize being explicit about the assumptions and scientific 

logic underpinning analyses, and about the limits of inferences [15–21]. A key component is 

causal identification: explicitly stating and justifying the assumptions under which a correlation 

can be interpreted causally (Box 1; reviewed in [22]). Accordingly, the broader causal inference 

field provides practices and methods that aid researchers in clarifying the conclusions a study 

can support and assumptions on which those conclusions rest. For example, a recent 

publication [23] show how Directed Acylic Graphs, graphical hypotheses of a causal pathway 

originating from computer science[24,25] make assumptions explicit and support transparent, 

reproducible behavioral ecology [23]. Other practices developed in other fields like economics, 

biomedicine, and political science extend this transparency further. For example, in economics 

publications, stating, justifying, and probing casual identification is standard practice [17,26,27]. 

Sensitivity tests from other fields (e.g. statistics, political science and economics) quantify how 

strong an unmeasured confounder would need to be to overturn a result, explicitly revealing 

the fragility of conclusions to omitted variable bias [28–31]. Results can be strengthened even 

further through formal evidence triangulation frameworks from biomedicine [32], which 

emphasize leveraging complementary sources of evidence to offset biases that may arise 

from any one study design.   

Despite their shared emphasis on transparency, open science and causal inference are 

rarely discussed together in ecological and conservation research (but see [23]). Their 

developments have largely proceeded in parallel, yet the two are inherently complementary: 

both encourage deliberate, transparent, and well-documented research practices. Neither set of 

practices are a panacea nor guarantees the reliability of any given finding. Yet, each strengthens 

scientific rigor. When appropriate for the research question, aligning causal inference concepts 

with open science practices can amplify the benefits of both.  

To this end, we review and demonstrate how causal inference frameworks can 

complement existing open science practices to enhance the transparency, replicability, and 

robustness of ecological evidence. As a case study, we consider a causal mediation question: 

How does experimental drought affect aboveground net primary production, and how much of 



that effect operates through changes in soil moisture in an arid grassland (Boxes 2 & 3)? We 

apply a causal inference workflow guided by this question to demonstrate the application of 

causal inference concepts for transparent research practices (Table 1). We elicited DAGs from 

two experts and illustrate how differences in assumptions about causal relationships within a 

system could lead to different modeling choices, inferences, and causal claims. We then 

demonstrate how causal analyses become more transparent and reproducible when 

researchers explicitly present causal assumptions and a causal identification strategy (Box 1), 

perform robustness checks to probe the validity of results, and discuss the scope of inferences. 

Integrating and reporting these practices directly into existing open-science practices 

strengthens shared goals of transparency, replicability, and interpretability. These practices 

complement the movements towards open code and data, already common in ecology and 

conservation. We argue that the practices that provide insight into “transparency in thought” 

pair naturally with “transparency in action” allowing others to understand and reproduce not 

only what was done but also why it was done, ultimately supporting more robust and 

reproducible science. 

Box 1. The concept of causal identification. A causal relationship or ‘effect’ must be identified 

before it is estimated [33,34]. Estimation asks how to compute an effect from a particular 

sample, whereas identification asks whether the quantity being computed corresponds to the 

desired causal effect, the target estimand. Causal identification is the process by which 

researchers make [22,25,32,35,36] causal assumptions and rule out alternative explanations 

(i.e., non-causal reasons for the observed relationship in the data, reviewed in [15]) to quantify 

the target estimand from the observable data.  

Identification is needed because data never speak for themselves. We never observe the true 

data-generating process: the mechanisms, relationships, and inherent randomness, known and 

unknown, that produce what we observe. Many different processes can generate nearly 

identical data, especially when observations are limited or noisy, as common in ecology. The 

Datasaurus Dozen illustrates this point: a dozen datasets with essentially identical means, 

variances, and correlations produce entirely different shapes when plotted on an x-y axis, 



ranging from a star to a dinosaur [37]. Summary statistics and the models fitted to them cannot 

by themselves reveal which process generated the data. 

Assumptions close this gap. Moving from an association to a causal claim requires assumptions 

about the causal structure of the system, including which variables causally influence others, 

which variables are as confounders, mediators, or colliders, and which variables can be assumed 

to have no causal connection to the outcome of interest. These assumptions come from domain 

knowledge and theory, not from data. We refer readers to Box 1 in [22] for a review of the three 

overarching assumptions of causal inference: Causal Sufficiency, Causal Markov Condition, and 

Causal Faithfulness. 

As researchers can hold different but equally defensible assumptions (e.g. see Box 2), they can 

reach different conclusions from the same data, which is one cause of the “many analysts” 

problem [14]. The value of formal causal inference is not to remove these assumptions but 

rather to make them explicit and open to scrutiny.  

By stating the target estimand and the conditions under which it is identified, researchers 

expose the reasoning that links data to causal conclusions. The readers can then evaluate, and 

perhaps challenge, the assumptions on which a study’s claims depend. 

 

Directed Acyclic Graphs for transparent presentation of assumptions and logic  

Directed acyclic graphs (DAGs), a core tool from Pearl’s Structural Causal Model [25,38,39], 

enhance transparency of thought by visualizing the causal assumptions that researchers often 

hold implicitly. DAGs represent hypothesized relationships among variables, including 

mediators (variables between the cause and effect that impact the outcome), confounders 

(variables causing both the cause and effect) and colliders (variables caused by both the cause 

and effect) [32,40,41]. DAGs provide a principled, non-parametric basis for deciding which 

variables to include or exclude from statistical models. For thorough introductions to DAGs in 

ecology and evolutionary biology, see [42–44]. 



Beyond guiding variable selection, DAGs improve scientific communication by clarifying the 

rationale behind certain analytical decisions [23,32,41]. They make disagreements between 

researchers explicit (e.g. [45] versus [46]) and reveal scientific uncertainty (Box 2). In our case 

study, the two expert-elicit DAGs differ -- not because one is wrong, but because each reflects 

genuine scientific uncertainty about relationships within the system. These differences imply 

distinct statistical models (Box 2) and illustrate a broader point: reproducibility challenges like 

the "many analysts" issue stem not only from variation in analytical choices across researchers, 

but also from unstated differences in causal assumptions and thus variable selection. DAGs 

make those usually implicit assumptions visible and open to debate, enabling reviewers and 

other researchers to evaluate whether hypothesized relationships are reasonable or whether 

important confounders may be missing [23].  

Box 2. Case Study: Direct and Indirect effects of Dryland Ecosystem Responses to Drought 

The first step in a causal inference process is clarifying the research question and target 

population we aim to study [33,47]. We ask: what are the effects of experimental drought on 

aboveground net primary production (ANPP) and how much of that occurs through changes in 

soil moisture in an arid grassland?  We use data from the Extreme Drought in Grasslands 

Experiment (EDGE) at the Sevilleta National Wildlife Refuge (SNWR) in central New Mexico, 

USA. While the EDGE experiment site is our study population, our target population is arid 

grasslands in the northern Chihuahuan Desert. The EDGE experiment employs a 66% reduction 

in growing season precipitation achieved through passive drought shelters over 7+ years of 

treatment [48,49]. The experiment does not directly manipulate soil moisture (the mediator of 

interest). Previous studies from SNWR found that drought experiments decrease aboveground 

production [50] and altered community composition [51].  

              To guide our analyses, we elicited DAGs from two coauthors who are domain experts, 

asking them to focus on a common focal mediator: soil moisture. Even constrained to the same 

research question and focal mediating process, their two DAGs differ. The SI presents the 

mechanistic rationale for each DAG.  

             Both DAGs are scientifically plausible but imply different adjustment sets for estimating 

the mediating effect of soil moisture on productivity: DAG #1 implies controlling for pre-



treatment (time, t = 0) vegetation and soil properties, such as soil organic matter, vegetation 

cover, and species composition (i.e., C3:C4 plant cover), while DAG #2 implies controlling for 

annual ambient precipitation, mean annual temperature, and pre-treatment total vegetation 

cover (Box 3). 
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Figure 1. Two expert-elicited Directed Acyclic Graphs (DAGs). The DAGs illustrate the 

hypothesized causal pathway by which the drought treatment (exposure, black circle) impacts 

aboveground net primary productivity (ANPP; outcome, red circle), specifically through the focal 

mediating mechanism of soil moisture (mediator, blue circle). Green circles indicate confounding 

variables. A) DAG #1. To estimate the mediating effect of soil moisture, this DAG identifies soil 

texture and organic matter, aspect, slope, measurement error, and pre-treatment (time, t = 0) 

biocrust and vegetation properties (composition, cover, and ANPP) as confounding variables 

(green circles) that must be adjusted for. While changes in vegetation composition and microbial 

activity are identified as alternative mediators, we focus on soil moisture for this case study as a 

shared mediator across the two expert-elicited DAGs. B) DAG #2: This DAG demonstrates the 

causal pathways identified independently by the second coauthor which instead emphases the 

role of ambient climate (temperature and precipitation), and the post-treatment confounding 

nature of vegetation composition and structure. As in the first DAG, this DAG also identifies the 

B 



confounding role of initial plant community, soil characteristics like texture and organic matter, 

as well as microbial composition and activity. 

 

Design-Based Thinking Reduces Researcher Degrees of Freedom  

While DAGs help articulate hypotheses and make scientific assumptions explicit, graphical 

identification alone does not guarantee robust causal identification or estimation in a particular 

empirical context [52]. DAGs are neither right nor wrong; they represent possible worlds 

contingent on their underlying assumptions. To estimate a causal effect with data, researchers 

must pair DAGs with study designs that credibly implement the identification strategy. Study 

design, meaning the decisions made before data collection and analysis about how study units 

are selected, how a treatment is assigned (or how a cause is observed), what is measured, and 

what comparisons are being made shapes how heavily causal estimates rely on untestable 

assumptions [47]. This distinction motivates the contrast between design-based and model-

based strategies for causal identification. 

Design-based approaches achieve causal identification through prioritize the treatment 

assignment mechanism – or the process through which units are exposed to the cause or a 

treatment [17,47,53], rather than relying on post hoc statistical adjustment. In experiments, the 

treatment assignment process is known: it’s randomization so all units are equally liked to be 

treated or not, regardless of their confounding characteristics. In observational studies, design-

based approaches seek to get as close as possible to random or quasi-random assignment (so 

groups in different treatments groups or exposure levels are comparable, as if randomly 

assigned in an experiment). When the treatment assignment mechanisms are known or can be 

credibly approximated, causal effects can be identified with minimal assumptions about the 

data-generating process. Examples of design-based approaches include randomized 

experiments and quasi-experimental designs, such as difference-in-difference (akin to BACI), 

Regression Discontinuity Designs, and Instrumental Variables [17,54–57].  



Anchoring causal identification in study design reduces the number of subjective modeling 

choices required compared to model-based approaches, which rely on statistical adjustment to 

control for confounding and are therefore more vulnerable to specification searching and 

selective reporting. Indeed, causal identification primarily secured through study design 

reduces researcher “degrees of freedom” in model specification decisions. In some cases, 

estimates may not influence conclusions whereas in other cases, estimates may vary 

substantially across defensible analytic decisions [58,59].  A model-based identification 

approach (see Box 3) using statistical/covariate adjustment requires 1) selecting variables to 

include based on the DAG; 2) specifying functional forms for each relationship; 3) assuming 

covariates are measured with minimal or no error; and critically 4) assuming no relevant 

confounders are omitted, among other assumptions (see [22]). These choices offer many more 

“researcher degrees of freedom” that can influence results and vary across analysts. Design-

based thinking narrows this space of analytic choices, increasing transparency and reducing 

opportunities for specification searching or selective reporting (Box 3 illustrates this point).  

Robustness Checks to Probe Assumptions and Alternative Analytical Decisions 

Robustness checks assess whether ecological inferences remain consistent under alternative 

modeling assumptions, data selection choices, and plausible sources of bias such as 

confounding, measurement error, or reverse causality [60–62]. They typically involve re-

estimating effects while varying key components of the analysis, such as covariate sets, spatial 

or temporal scales, functional forms, distributional assumptions, or data inclusion criteria. 

Performing and transparently reporting robustness checks is widely accepted as best practice 

for evaluating causal claims [63,64].  

Robustness checks do not provide alternative "correct" estimates. Rather, they evaluate how 

strongly conclusions depend on analytical decisions that reflect different but are scientifically 

plausible (e.g. based on theory) but uncertain model specifications. For instance, assuming a 

linear relationship between a predictor and response may be convenient but ecologically 

unrealistic (e.g. for the assumed bell-shaped relationship between species abundance and 



temperature); re-fitting models with polynomial, spline, or threshold forms tests whether the 

direction and magnitude of the estimated effect holds regardless of that choice. 

Understanding the robustness of estimates is particularly important in ecology, where 

complexities of observational data, non-linear dynamics, imperfect detection, spatial 

autocorrelation, and environmental heterogeneity often permit multiple defensible model 

specifications for the same question. However, selecting a “main specification” and limited set 

of robustness checks still risks selective reporting [64].  

A more systematic extension is multiverse analysis [65,66] or related approaches like “vibration 

of effects” [67] and specification curves [64], which systematically enumerate all (or all 

defensible) analytical choices and estimate the focal effect across each resulting specification to 

show how conclusions depend on different analytical decisions. Interestingly, these systematic 

robustness evaluations mirror traditional sensitivity analyses in complex systems, usually 

performed through latin hypercubes [68]. In causal analyses, key limitations include the need to 

distinguish theoretically justified from arbitrary specifications, and the fact that divergent 

results may reflect different target estimands rather than instability of the same question [66].  

These methods and their interpretation remain under active debate [66] (see SI for a more 

detailed discussion). 

Overall, robustness checks shift emphasis from a single point estimate to the stability of 

inference across reasonable ecological assumptions.  They strengthen transparency not by 

removing uncertainty but by explicitly characterizing it and linking it to the ecological and 

statistical assumptions under which conclusions hold. Presenting estimates across robustness 

checks (or the multiverse, if appropriate) alongside the analytical decisions that drive variation 

in results allows readers to assess which conclusions are robust, and which depend on 

contestable assumptions [65,66].     

Formal Sensitivity Tests  



Sensitivity analyses assess how strong an unobserved confounding variable would need to be to 

substantively change an estimate, such as to nullify or reverse the sign of an effect. Formal 

sensitivity tests for empirical causal analyses have been developed in public health and social 

sciences (e.g. (Cornfield et al. 1959); [28,30,31,69–73]), with more recent applications in 

ecology [60,74,75] and conservation [29,76]. A wide range of sensitivity tests for omitted 

variable bias are now available, each with distinct strengths (e.g., compatibility with methods 

such as propensity score weighting [73] and IV [77]); assumptions (e.g., defining a specific 

functional form of unobserved confounding [30,69] versus non-parametric approaches [28,70]); 

and approaches for interpreting sensitivity (e.g., calculating risk-ratio thresholds via E-values 

[70]; or benchmarking against observed confounders [28]). We provide an example use in Box 3 

and the SI including code.   

Making sensitivity analysis a routine part of ecological and conservation research would 

strengthen causal inference and promote more transparent and credible science. Ecological 

studies often lack data on key variables at relevant scales in space and time, so quantifying the 

extent that bias from unobserved confounders could meaningfully alter conclusions is 

important. Even experimental studies are also often imperfect due to logistical constraints and 

the reality of field work; sensitivity analysis can help assess the impact of noncompliance, 

attrition, or residual confounding when randomization is imperfect [78,79]. Interpreting these 

sensitivity tests still requires domain knowledge and logic to 1) evaluate the plausibility of 

hypothetical, omitted confounders; 2) for interpreting what a meaningful change in results due 

to potential bias is; and, for some approaches, 3) when benchmarking against a measured 

covariate to evaluate whether an unobserved confounder of equal or greater strength is 

plausible (e.g., [28]; Box 3). 

Assessments of Generalizability and Transportability  

Causal estimates apply to a particular population, place, and time, yet ecologists, conservation 

scientists, and decision-makers often also care about whether effects measured at one site, or 

under one set of conditions, hold in other contexts or for other populations. Ecological effects 

are highly context- and scale-dependent; the magnitude and even sign of an effect can shift 



across environmental gradients, communities, and spatial or temporal scales [80]. Therefore, 

specifying a study’s external validity is important when interpreting and reporting a causal 

claim. External validity integrates generalizability, whether an estimate applies to the target 

population for which the study is often a subsample or subpopulation, and transportability, 

whether the estimate applies to other populations (i.e. locations, environmental context, 

species) [81]. Both generalizability and transportability require explicit definition of the target 

population, how it differs from the study population, and the estimand (Step 1, Table 1; 

[82,83]). 

Naming these study features improves transparency and interpretation when results differ 

across studies, including by distinguishing true replication failure (an error) or debated results 

from actual differences in effects across target populations driven by meaningful differences in 

their characteristics. For example, attempts to generalize results from randomized experiments 

to natural systems often fail because the target population differs meaningfully from the 

experimental one [60,84–86].  

Selection diagrams are useful tools that formalize these concepts [21,87]. Selection diagrams 

are DAGs with nodes representing sampling selection bias, or how the sampled and target 

population differ (e.g., in covariate distributions, mechanisms, modifying variables that vary 

across contexts) [21,87]. Selection diagrams clarify assumptions about when causal effects can 

be applied to different (sub)populations, e.g. about which differences between populations 

matter, and about the adjustments, re-weighting, and additional assumptions are needed to 

transport effects [88]. Recent ecological work [88] pairs structural causal models and selection 

diagrams with software (e.g. ‘dosearch’ R package [36]) to conduct a transportability 

assessment of effects of tree canopy cover on water dissolved oxygen across contexts. 

Specifically, they use the 'dosearch' package to specify what variables in their causal diagram 

differ between the target and source domain to get an appropriate identification formula which 

they then use to derive applicable statistical formulas for the transportability analysis [88].  



Clearly stating the estimand, the target population, and how the target differs from the sample 

population is rare in ecology but is essential for making results interpretable beyond the study 

context. Researchers should report the assumptions required for transportability [82,83], 

identify where effect modifiers differ between sample and target populations, and state the 

internal and external validity together as “target validity” [89]. These details should accompany 

open code, robustness checks, and sensitivity analyses to provide readers with the information 

needed to understand the target validity of the causal claims. Clarifying where an estimate 

cannot generalize or be transported is equally valuable. 

Interpretation and reporting of causal claims for reproducibility and clarity  

Robust and generalizable causal inference requires careful consideration of potential biases, 

data limitations, and model validity. A hallmark of modern causal inference is transparency: 

clearly presenting assumptions, justifying them with prior evidence or mechanistic knowledge, 

and discussing how conclusions would change if assumptions were violated [15,19,31,33], and 

the populations(s) to which results apply or not. Domain expertise and prior knowledge are 

needed to clearly articulate and assess the validity of these considerations.  

 

Current open-science guidelines in ecology and conservation emphasize data and code sharing 

but rarely address reporting for ‘transparency of thought,’ the causal logic underlying analyses. 

Guidelines for open science practices like FAIR for data sharing [90], TADA for code sharing [91], 

SORTEE’s data and code quality control recommendations [8] and the Open Science 

Framework’s (OSF) preregistration and reporting [92] promote ‘transparency in action’ but not 

‘transparency in thought.’ For example, OSF’s “As Predicted template” requires details on seven 

aspects of a study, including hypotheses and statistical analyses but does not prompt reporting 

of causal diagrams or explicit assumptions (https://aspredicted.org). Other causal 

considerations, importantly discussion of causal assumptions, remain limited. However, studies 

become more transparent and reproducible when the causal logic is reported from end-to-end 

(as in Table 1). To this end, we provide a checklist (Table 1) for transparent reporting of the 

causal inference process. 

https://aspredicted.org/


Barriers from institutional incentives and reforms  

Both open science practices and causal inference require substantial time and resources. Open 

science practices add work in curating, documenting, archiving data and analysis code in 

reusable form [93,94]. Similarly, causal approaches can require increased time investment from 

deliberate planning and pre-analysis plans at the outset to robust evaluation of results and 

additional reporting. These time investments can misalign with incentive systems that reward 

rapid publishing and novel results. Grassroot efforts alone are insufficient without institutional 

changes that reward best practices [95]. Encouragingly, the open science movement has made 

progress towards some of these goals: data and code sharing requirements are increasingly 

common; hiring criteria in some institutions have shifted towards rewarding open science 

practices; and some major journals have implemented code and data editors in their peer 

review process [8,96]. However, broad uptake of other practices like pre-registration have 

lagged perhaps because of limited understanding of the process and perception that it is a 

limiting, unnecessary, or onerous process. Alleviating these concerns requires improving 

awareness around existing practices, as well as developing alternatives such as adaptive pre-

registration that may be perceived as less onerous for authors [97]. Further, our case study 

illustrates the importance of these tools for reducing selective reporting or cherry-picking 

results [98]: we specified the mediator of interest (soil moisture) in our pre-analysis plan 

and find a null result instead of looking for other potentially significant mediators. [59] 

Cultural shifts are also needed to normalize explicit reporting of causal assumptions in 

publications. Assumptions are not necessarily weaknesses; they allow readers to judge what the 

evidence supports. However, because they are not widely reported in ecological science, stating 

assumptions may currently be seen as a weakness or a reason to reject a study [99]. Instead, 

reviewers and editors could encourage explicit communication and justification of assumptions 

as a norm [99]. Journals could provide checklists of causal assumptions for authors to consider 

in reporting, like experimental design checklists already used by some journals, like the Nature 

journals. Herein, we propose such a checklist as guidance for reporting of ‘transparency of 

thought,’ intended as a reminder of assumptions and decisions made throughout the research 

process, rather than replacement for critical thinking or an automated process.  



Several other disciplines have already undergone comparable cultural shifts, offering concrete 

models for ecology. In psychology, preregistration and registered reports became mainstream 

only after journals such as Cortex and Royal Society Open Science adopted formal policies 

requiring preregistered protocols [92,100], demonstrating how editorial incentives can rapidly 

normalize transparency. Similarly, epidemiology and economics now routinely expect explicit 

causal identification strategies and assumption reporting, codified in widely used frameworks 

such as Hernán & Robins’ Causal Inference (2020) and Angrist & Pischke’s Mostly Harmless 

Econometrics (2009). These examples showcase how clear methodological expectations can 

shift community norms toward more explicit causal reasoning. 

Adopting all best practices at once is daunting but incremental progress by adding even parts of 

these frameworks will increase transparency and reproducibility of ecological knowledge 

generation and evidence-based conservation. 

Conclusions 

Fully open research practices support reproducibility efforts, opens research to scrutiny, and 

amplifies impact by encouraging sharing and collaboration. However, open science alone does 

not necessarily lead to replicable results – many-analyst studies have demonstrated that even 

given the same data and research questions, researchers arrive at different estimates of key 

effects [101]. Full transparency must clarify not only what was done, but also why those 

decisions were made and what assumptions were made. Causal inference workflows 

complement open science by promoting transparency in thought. Together, these practices 

provide a complete record of both the actions and thinking behind ecological inference, 

supporting more robust and interpretable science. 

DISPLAY ITEMS 

Table 1. Here we provide checklists for researchers to consider when reporting for 

‘transparency of thought’. The checklist, and best practices in causal inference workflows in 

general, complement the open science agenda and emphasize transparent reporting. This 

checklist is not meant to be prescriptive or replace careful thinking but serves as guidance and 

reminders for what types of information to report. For flexibility, and to make reporting for 



transparency in thought more approachable, we provide actions that are “accessible” and gold 

standard.”  Each item in the checklist has a non-comprehensive list of examples and resources.  

Reporting checklist: 
Transparent Causal Inference and Causal Claims 

Actions to clearly state assumptions, articulate target populations and generalizability, and report checks and 
analyses towards higher “transparency of thought” 

Stage 1: Clarify the question and the aim. Make and document a plan 
1. Define the causal question, estimand, and target population 

 Clarify the goals of the empirical causal analysis including the specific question, target population, 
timeframe, and estimand (e.g., Average Treatment Effect or Average Treatment Effect on the Treated) 

Actions: Accessible: Clearly state the question and target population in prose 
 Gold standard: Report formal estimand. Clarify differences between sample versus target populations. 

Clarify the estimand in terms of a target trial (a hypothetical experiment that one would ideally perform)  
Sources:   [44,82,83,102]  

2. Create a pre-analysis plan or submit a pre-registration 
 Document analytic intentions by pre-registering or posting a pre-analysis plan before doing analyses to 

guard against HARKing, p-hacking, and cherry picking of results.   
Actions:  Accessible: Document all attempted models and analyses 
 Gold-standard: Full pre-registration including estimand, DAG, identification strategy, data selection 

criteria, and plan for robustness checks 
Sources: Box S1 and [4,12,92,97,103]. 

Stage 2: Use prior knowledge to make the causal knowledge, identification 
strategy and causal assumptions explicit 

3. Present and share the causal graph (DAG) 
 Draw, justify, and explain the DAG(s) encoding the hypothesized present and absent relationships.  
Actions:  Accessible: Draw DAG and describe assumptions. The DAG captures all relevant common causes of 

treatment and outcome (no unmeasured confounding given the chosen adjustment set); absent arrows 
are also assumptions. 

 Gold standard: Fully specified DAG, alternative DAGs, and mechanistic justification that is shared at the 
pre-analysis stage so the hypotheses can be scrutinized before results are known (see #2).  

Sources:   [23,25,38,41–44,104] 
4. Present and justify the identification strategy 

 State under what assumptions the effect is causally identified (reviewed in the SI of [22]). Justify each 
assumption with prior studies and domain or mechanistic knowledge. Justify why the design (e.g. 
randomized experiments, matching, difference-in-difference) or model-based identification is credible by 
linking assumptions to evidence. 

Actions: Accessible: Clearly justify why the chosen study design and/or method is appropriate based on its 
causal assumptions and potential threats that violate those assumptions 

 Gold standard: Clearly present, probe, and explain each causal and statistical assumption in detail; do 
more than one design that makes different assumptions to probe assumptions (also see #7)  

Sources:   [17,18,22,33,79,105,106] 

Stage 3: Estimate and report all model and data specification decisions to 
make statistical assumptions explicit 

5. Report all modeling and data-processing decisions 
 Report the estimator, functional-form choices, error estimation, covariates included, and the data cleaning 

and processing steps. Pre-specify or explicitly justify each choice. This reporting step provides necessary 
details to repeat analyses. 



Actions: Accessible: State statistical modeling assumptions (e.g., functional form; effect-measure modification 
modeled or assumed absent); state data cleaning steps; sample sizes  

 Gold standard: State if the realized analysis matches the plan, flag departures and explain why 
alternative choices were made. Clearly report number of samples for each condition. Perform a power 
analysis. Do multiple forms of inference.  

Sources: [14,33,97] 

Stage 4: Probe the assumptions 
6. Sensitivity analysis, placebo tests, and partial identification 

 Quantify how violations of the unverifiable assumptions would change the conclusions. 
Actions:  Accessible: Simple sensitivity checks - statement on which assumptions are unverifiable and are being 

stress-tested, and the benchmark used to gauge plausible confounding strength 
 Gold Standard:  Conduct formal sensitivity analyses (e.g. using E-values). Probe results with negative 

controls or placebo tests. Calculate bounds (or do partial identification) where credible point 
identification is not possible.  

Sources:   [28,77,107–110]; Applications: [29,60,74–76] 
7. Robustness checks and evidence triangulation 

 Report whether results based on alternative specifications, methods, and designs that rest on different 
assumptions and inherent biases, converge. Using multiple study designs with different assumptions (and 
sources of biases) increase confidence when estimates converge; evidence triangulation across lines of 
evidence with different sources of bias is the gold standard.  

Actions:  Accessible: Report all performed robustness checks (e.g., across covariate additions, different 
functional forms, assumed error structures); base robustness checks on scientifically plausible sources 
of uncertainty  

 Gold standard: Base robustness checks based on a pre-analysis plan; Evidence triangulation using 
multiple complementary designs  

Sources:   [60,62,111] 

Stage 5: Define scope or extent of inference in interpretations 
8. Discuss generalizability and transportability 

 State the target population and estimand. Report internal and external validity together (“target validity”) to 
avoid over-claiming.  

Actions:  Accessible: State limits to generalizability and threats to external and target validity. Specify whether you 
are generalizing (sample nested in the target) or transporting (separate, external target). 

 Gold standard: Explicitly state effect modifiers, sampling frame, target validity. Present a selection 
diagram with the effect modifiers assumed to differ. Have explicit statement when transport is not 
possible. Report overlap/positivity and reweight sample population to better represent target population. 

Sources:   [21,87–89,112] 

Stage 6: Share code and data openly 
9. Archive open data, code, and computational notebooks with narrative reasoning 

 Share the data and analysis code/workflow, report any deviations from the pre-analysis plan, and 
interpret the conclusions within the limits set by the assumptions, clarifying what the evidence can and 
cannot support. Enables replication and improves workflow transparency 

Actions:  Accessible: Share cleaned data as far as is practical (including relevant metadata, but with sensitive 
elements censored as needed) and upload final analysis and data processing code to long-term 
repository (e.g. Zenodo, Dryad).  

 
 

Gold standard: Publish raw data, synthetic replicas and data dictionary, provide code as well-annotated 
analysis notebooks within fully reproducible environments (Docker, renv, conda) and fully reproducible 
analysis pipeline with commit history and tagged releases. 

Sources:  [10,91,113,114] 
 



Box 3. A Guided Example of Causal Analysis: Identification, Sensitivity, Robustness, 

and Transportability. 

This box provides an overview of our causal analyses. The SI presents more details on the 

analysis and reporting that more closely follows our guidance checklist and accessible actions. 

Design vs model-based causal identification (Checklist item #4) 

We illustrate the distinction between design-based and model-based approaches. We use 

a design-based approach to calculate the direct effects of drought on soil moisture and the total 

effect of drought on productivity. We leverage experimental design - the random assignment of 

drought shelters – and compare differences in means between treated and control plots.  

In contrast, we use a model-based identification based on each DAG to estimate the proportion 

of the drought treatment effect on productivity that operates through reducing soil moisture. 

Soil moisture was not randomized, so this step faces the same challenges as observational 

analyses and requires separating the effect of soil moisture on productivity from other 

confounding variables. We specify models based on each of our DAGs, holding all other 

analytical decisions constant across the models. The DAGs imply different models, with different 

covariate adjustment set (i.e. the confounders for which to control, see Box 2).  

For both DAGs, we find a negative effect of drought treatment on productivity (DAG1: -87.60 

[95% CI: -101.83, -73.57], DAG 2 -88.40 [95% CI:-98.02, -78.93]) and on soil moisture (-0.015 

[95% CI: -0.018, - 0.011) but no evidence for a mediated effect of soil moisture on productivity 

(DAG1: -1.68 [95% CI:-11.32, 8.44], DAG2: 0.78 [95% CI: -4.17, 5.84]).  However, the Total Effect 

estimated from the mediation analysis based on DAG 1 was approximately 2% more negative 

than the same effects estimated based on DAG 2 (XXX).    

What are some reasons we find no evidence for a detectable mediation effect of soil moisture on 

productivity? This result suggests that reduced precipitation affected productivity 

primarily through mechanisms other than measurable changes in average annual soil water 

content at the 20cm or 30cm depth, or at least as measured. One interpretation is that 

physiological responses of plants to drought (e.g. stomatal closure, water use efficiency) may 



present an alternative mediator that is uncaptured in our analysis. Additionally, soil moisture 

dynamics may be playing out at different spatial scales (depths) or time scales than we are 

testing here. The large confidence intervals indicate, too, that that the study is underpowered 

for our mediation question: a common issue in ecological studies that can lead to over-

exaggeration bias in the published literature [4].  

Alternative explanations for our null result could be sources of bias in our analysis from 

unobservable confounding variables, measurement error, and model misspecification, which we 

next probe. 

Sensitivity analyses (Checklist item #6) 

Several unobservable confounding variables that influence soil moisture and productivity -- 

biocrusts, soil texture, soil organic matter, topography (DAG 1), and soil properties (DAG 2) --

could be masking a true causal effect of soil moisture. If their effects are countervailing to soil 

moisture’s effect on productivity, omitting them from the model could cancel out the effect of 

soil moisture on productivity. We assess sensitivity to potential bias from these and other 

unknown omitted variables using a sensitivity test (Robustness Value and partial R2; [28]) and 

the R package Sensemakr v 0.1.5 [28]. The sensitivity analysis asks how strong an unobserved 

confounding variable would need to be to overturn the null result.  

We find an unmeasured confounder would need to explain 3.2% of residual variance in both soil 

moisture (at 0-30 cm) and biomass to increase the magnitude of the mediation effect by 100% 

(i.e., double the effect) in DAG 1 and 2.5% of that residual variance in DAG 2 (Table S3). We 

benchmark these values using an observed confounder known to be important and present in 

both DAGs - pre-treatment vegetation cover - to evaluate whether an omitted variable of an 

equivalent strength could be masking a larger soil moisture effect. We find that an unmeasured 

variable with similar associations to both soil moisture (partial R2 = 3.6%) and biomass (partial R2 

= 0.9%) would be sufficient to increase the estimated soil moisture effect by 100% and for 

unmeasured confounding to be responsible for our null findings because confounding variables 

could mask a true causal effect. Many potential unmeasured confounders exist such as 

community-level trait variables (Griffin-Nolan et al. 2018) or biological soil properties (Chung et 



al. 2019). For example, if soil microbial communities increase soil moisture through added water 

retention but decrease plant growth through negative plant-soil feedbacks, the mediating effect 

of soil moisture on biomass would be masked by the confounding soil microbial community. 

Robustness checks to alternative model specification and implementation choices (Checklist 

item #7)  

We compare linear and log-log transformed models, soil moisture at 20 and 30 cm depth, 

alternative error structures (HAC errors versus mixed effects models with blocks), and 

different estimation procedures. Because we are limited to conditioning on observable 

data, we have limited opportunity for formal evidence triangulation. The general results are 

consistent (see Tables S4-S8, Figures S4-S6), except when we include an interaction between 

the exposure and mediator, discussed in the SI (Figures S5 & S6).  

Transportability (Checklist item #8)  

Generalizing our results from the EDGE experiment to the northern Chihuahuan Desert rests on 

the assumption that the study site is representative of the arid grassland in which it is located 

(i.e. a representative sample nested in the target) and that the experimental treatment is 

consistent with drought conditions. Threats here to external validity (i.e. the extent that results 

for the study sample generalize to the target population) include if an effect modifier, such as 

moisture regime, species composition, or disturbance history, has a different distribution in the 

target population than in the study population. Transportability of these results to other arid 

grasslands depends on the extent to which the mechanisms outlined in our DAGs are the 

same and whether other moderating variables determine the presence, strength, direction 

of effects (see Figure S6). For example, soil properties differentially modify the effect of 

precipitation on production in this region of the U.S. [115], so the transportability of these 

results will require accounting for soil differences. 
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