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Abstract

Effective conservation that benefits biodiversity and human well-being is

imperative for global sustainability. Achieving this requires rigorous evalua-

tion of conservation policies and programs to understand their causal effects

on environmental and social outcomes. Counterfactual impact evaluation

methods offer a robust framework for assessing intervention impacts by com-

paring observed outcomes with hypothetical alternative scenarios (the ‘coun-
terfactual’). Despite recent advances, a significant research-implementation

gap persists in applying these methods within conservation practice. This

paper is intended to help conservation practitioners, scientists, and funders

respond to the growing demand for causal evaluations by providing an intro-

ductory overview of key counterfactual evaluation methods. It introduces a

decision framework to guide the selection of appropriate evaluation methods

according to project-specific parameters, such as project goals and timing.

Application of the framework is illustrated through examples including

community-managed fisheries, camera traps, and payments for ecosystem ser-

vices. These examples highlight that the most appropriate evaluation method

depends on various factors, such as whether the intervention can be random-

ized, available sample size, and data availability from both intervention and

non-intervention sites. By providing a structured approach to selecting coun-

terfactual methods for specific conservation projects, this paper aims to stimu-

late broader adoption of evidence-based practices in conservation.
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1 | INTRODUCTION

Implementation of effective conservation interventions
that benefit biodiversity and people is critical for global
sustainability. To achieve this, conservation policies and

programmes must be informed by evidence regarding
their expected impact on environmental and social out-
comes. This requires an understanding of the causal
effects of these interventions, that is, whether they genu-
inely lead to the desired effects. Counterfactual impact
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evaluation methods—in which the causal effects of an
intervention are identified by comparing observed out-
comes with estimates of what would have happened in
the absence of the intervention, or if implemented differ-
ently (i.e., the “counterfactual”)—can provide this
understanding.

Although counterfactual impact evaluation is well
established as a foundation of evidence-based policy in
fields such as medicine, development, and education, it
has only recently started to gain traction in conservation.
A recent meta-analysis of 186 counterfactual evaluations
of conservation interventions (Langhammer et al., 2024)
attests to the fact that counterfactual methods in conserva-
tion have increased noticeably ever since Ferraro and Pat-
tanayak (2006) noted the scarcity of such studies. Yet a
significant research–implementation gap remains. While
some organizations are committed to robust impact evalu-
ation of their projects (e.g. Craigie et al., 2015; Global
Environmental Facility, 2016; McKinnon et al., 2015; Puri
et al., 2020), many funding and implementing bodies
largely overlook the potential for learning through impact
evaluation (Craigie et al., 2015). This point has been made
previously (Ferraro, 2009; Ferraro & Pattanayak, 2006;
Miteva et al., 2012), with complementary studies highlight-
ing reasons for this slow uptake, including: limited bud-
gets; technical complexity and insufficient in-house
expertise; perceptions that traditional methods based on
case studies or field experience are of equal quality
(Adams et al., 2019; Baylis et al., 2016; Curzon &
Kontoleon, 2016). Additionally, funders and conservation
organizations may be reluctant to engage in processes that
might challenge expectations about project success
(e.g. Asquith, 2020; Catalano et al., 2018, 2019).

However, recent events have underscored the impor-
tance of counterfactual impact evaluation methods in
conservation. Chief among these was the upheaval in the
voluntary carbon market due to controversies around
baselines and counterfactuals used to quantify carbon
credits from forest protection (Greenfield, 2023; West
et al., 2020; West et al., 2023). The debates around the
performance of biodiversity credits and, more recently,
nature credits have also highlighted the need for counter-
factual methods to ensure measurable and genuine con-
servation benefits (Bull et al., 2021). Relatedly, financial
institutions worldwide are recognizing biodiversity's criti-
cal role in economic production (World Economic
Forum, 2020), and there is a corresponding surge in busi-
ness initiatives to mitigate biodiversity loss, evidenced by
the growth of coalitions like Business for Nature and the
creation of guidelines such as the Taskforce on Nature-
related Financial Disclosures (2023). Multilateral funds
for conservation such as the Global Environment Facility
and the Green Climate Fund have also adopted

counterfactual methods to inform the performance of
their investments (GEF IEO, 2016).

In light of these push factors, and the growing interest
among conservation organizations in counterfactual eval-
uation (Mahajan et al., 2023; McKinnon et al., 2015), this
paper aims to assist conservation practitioners, scientists,
and funders in making informed decisions about how to
proceed with counterfactual impact evaluation for spe-
cific conservation projects. It is intended for those who
are familiar with the concept of counterfactual impact
evaluation (i.e., comparing outcomes in a “treated” group
with outcomes of a similar but “untreated” group) but
who are less familiar with the range of methods specifi-
cally applicable to conservation. It is particularly useful
for (i) practitioners who have determined the necessity of
evaluating the impact of a conservation intervention and
are considering how to proceed, (ii) conservation scien-
tists and students who are keen to use impact evaluation
in their research. Acknowledging the difficulty of navi-
gating the extensive and diverse literature on this subject,
and the challenge of determining the subsequent steps,
our goal is to facilitate this process by:

� Providing an introductory overview of the main coun-
terfactual impact evaluation methods of relevance to
conservation and their underlying assumptions
(Section 2).

� Presenting a decision framework to help practitioners
identify which method(s) might be most appropriate
for the intervention being evaluated (Section 3).

� Illustrating through hypothetical and real examples
how the framework can be used to decide which
methods are appropriate, given different constraints
and their assumptions (Section 4).

We note that Section 2 is relatively technical and assumes
some familiarity with statistical concepts. Readers who
are already acquainted with the foundational aspects of
counterfactual methods may choose to skim or skip the
more detailed discussion and head straight to the Deci-
sion Framework (Section 3). However, we strongly
encourage all readers to review Section 2.1, which out-
lines essential concepts such as treatment assignment,
confounding, and strategies for identifying confounders.

A central tenet underlying the framework presented
here is that there is no ‘best method’ for evaluating
impact. Rather, there are methods that are appropriate
for the task at hand. Appropriateness may depend on
many factors, such as data availability, study timescale,
and available sample size. For example, methods that are
appropriate to evaluate large-scale, costly conservation
projects may not be appropriate for small pilot projects,
and vice versa.
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We highlight that this paper does not provide guid-
ance about how to implement different methods. Each
method entails different procedures, which have been
covered in depth in existing resources that are cited
throughout this paper (see especially Section 2.1). Addi-
tionally, the paper does not provide guidance about the
preliminary steps underpinning impact evaluation, such
as formulating a theory of change, determining the need
for implementing impact evaluation, or identifying evalu-
ation questions. These steps are covered in a companion
piece in this Special Issue (‘Introduction to Impact Evalu-
ation in Conservation’ by Neugarten et al., 2025), to
which interested readers can refer.

Our intention with this paper is to provide a practical
framework to help readers assess the feasibility of differ-
ent impact evaluation approaches, whether for planning
new evaluations, improving existing studies, or engaging
with the literature. It offers guidance on making key deci-
sions, such as whether to seek expertise, allocate
resources, or gather additional data. The framework also
highlights how to incorporate evaluation considerations
early in project planning, particularly around data collec-
tion and program design. We expect that, over time,
counterfactual methods will be increasingly used strategi-
cally to learn from past experiences, replicate successes,
correct failures, and avoid mistakes in project design and
implementation.

2 | OVERVIEW OF
COUNTERFACTUAL METHODS

2.1 | Basic principles of counterfactual
impact evaluation

Counterfactual methods include a wide range of
approaches that are used to explore cause-effect relation-
ships between interventions and outcomes. They do this
by comparing what actually happened after an interven-
tion to estimates of what would have happened in the
absence of the intervention or a different version of it
(Rubin, 1978, 2005). These “what-if” scenarios are known
as counterfactuals.

Given that we can never simultaneously observe
alternative states of the world (with and without the
intervention for any given unit receiving the interven-
tion), but only observe what actually occurred,
researchers rely on assumptions to identify plausible
counterfactuals. A common approach is to use sites or
units of study where the intervention did not take place
(or did so differently). However, if these comparison
groups are not selected randomly (see Section 2.1)—or
without a clear and intentional sampling strategy—then

they might not provide valid counterfactuals. This is
because other factors, unrelated to the intervention,
could influence the outcome and introduce confounding.

Confounding describes a situation in which both the
intervention and the outcome of interest have a common
cause (see Figure 1). These common causes (‘con-
founders’) are factors that influence both the assignment,
or adoption, of the intervention and the outcome(s) of
interest. Unless properly identified and accounted for,
confounders can distort the true relationship between the
intervention and the outcome(s), leading to incorrect
conclusions about causality.

All counterfactual methods depend on the critical
assumption: that the relationship between the interven-
tion and outcome of interest is not affected by con-
founders (Morgan & Winship, 2015). To satisfy this
assumption, potential confounders must be identified
and controlled for. This can be achieved through ran-
domization or statistical adjustments. In qualitative stud-
ies, case selection based on rigorous implementation of a
“most similar” approach which accounts for confounders
can be applied (Plümper et al., 2019). By controlling for
confounders in any of these ways, evaluators can more
confidently attribute observed changes in outcomes to
the intervention itself, rather than to the influence of
confounders. Therefore, careful identification and adjust-
ment for confounding variables are crucial steps in con-
ducting rigorous impact evaluations of conservation
interventions (Dee et al., 2023; Ferraro & Hanauer, 2014).

Confounders
(e.g. remoteness, soil quality)

Outcome
(e.g. avoided deforestation)

Treatment effect

Intervention
(e.g. Protected Area)

FIGURE 1 Simple causal diagram. Arrows indicate direct

causal effects between variables. Here the causal (treatment) effect

of an intervention (e.g., establishing a Protected Area) on the

outcome (e.g., avoided deforestation) is confounded by common

causes (e.g., remoteness). For example, protected areas (PAs) are

often established in remote locations, while deforestation is more

common near roads and urban areas (Joppa & Pfaff, 2009). Without

controlling for remoteness as a confounding variable, it could look

like PAs are more effective in preventing deforestation than is

actually the case. Confounders should always predate the

intervention and the outcome(s), and not be influenced by either of

them. Confounding variables can include socioeconomic status,

geography, or other environmental variables that influence both

the implementation of the intervention and the outcomes being

measured.
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2.1.1 | How to identify confounders?

To identify confounders, evaluators must carefully deter-
mine how an intervention is (or will be) assigned. This
means identifying selection criteria, decision processes,
and/or motivations that together explain how a treatment
is (or was) assigned to different ‘units’ (i.e., plots of land,
households, individuals, etc.). These influences are collec-
tively known as the “treatment assignment mechanism”.

If an intervention is not randomly assigned, then
evaluators must engage in identifying this treatment
assignment mechanism. In practice, this means gathering
detailed information about how an intervention was
assigned and the sources of information and/or data used
to guide those decisions, often through interviews with
key personnel.

For interventions involving voluntary participation
(self-selection), identifying confounders is more challeng-
ing, as it requires determining the individual or commu-
nity factors that influence participation. In these cases,
domain expertise and a comprehensive review of relevant
literature—essential for all studies—are particularly criti-
cal for ensuring valid evaluation. For all counterfactual
studies, there should be explicit and detailed reporting of
the processes through which confounders were identified
by evaluators, how they are expected to affect treatment
assignment and outcomes, and what data is used to con-
trol for them.

2.2 | Broad impact evaluation methods

There are three broad categories of methods available for
counterfactual evaluation of impact, which are outlined
below:

� Experiments involve the random assignment of an
intervention—or versions of an intervention—over eli-
gible units (e.g., sites, villages, and households). Some
units randomly receive the intervention (the “treat-
ment” group) while others do not, or receive a different
version of it (the “control” group). If designed and
implemented correctly, randomization greatly reduces
or eliminates the likelihood of systematic differences
between treatment and control groups (other than the
intervention). This ensures that observed changes are
attributable to the intervention rather than to con-
founders (Ferraro, 2012; Gertler et al., 2016;
Glennerster & Takavarasha, 2013). In conservation,
experiments include field-based experiments
(e.g., Jayachandran et al., 2017; Pynegar et al., 2018,
2021), as well as lab and online experiments typically
used in social marketing studies (e.g. Blake et al., 2023;

Dunn et al., 2020). Experiments are always designed
before the intervention is implemented.

� Quasi-experiments use statistical approaches to elimi-
nate confounders and other rival explanations for the
observed treatment effects. They are typically used when
randomization is not possible, which is usually the case
for interventions that are already in place and which
were assigned or adopted non-randomly. There are a
range of different quasi-experimental designs, such as
difference-in-differences, statistical matching, and syn-
thetic control methods. The main differences between
these methods are outlined in Table 1. See Ferraro and
Hanauer (2014) and Greenstone and Gayer (2009) for
detailed insights into quasi-experimental methods and
how they compare to experimental approaches.

� Qualitative attribution methods offer insights into
how interventions lead to potential impacts by examin-
ing mechanisms, contextual factors, and participant
experiences (Zavaleta Cheek et al., 2023). These
methods encompass various approaches, all of which
gather empirical evidence and validate theories of
change against alternative explanations using tech-
niques such as interviews, case studies, and document
analysis. Qualitative attribution methods are useful for
understanding contextual factors that quantitative
measures may overlook. While they may not provide
statistical effect sizes, qualitative attribution methods
such as process tracing, general elimination methodol-
ogy, contribution analysis, and realist evaluation have
been utilized to assess the impact of conservation and
environmental interventions (Gregory-Smith et al., 2017;
Rana & Miller, 2021; Sabin et al., 2019; Salazar
et al., 2018). Qualitative attribution methods vary in the
extent they can be considered counterfactual, with some
specifically designed to eliminate alternative explana-
tions and others primarily designed to systematically
trace emerging patterns that could be linked to causation
through different mechanisms (Zavaleta Cheek
et al., 2023). The reliability of qualitative methods for
making valid inferences is strongly linked to the selec-
tion of comparable cases that help control for confound-
ing factors (Plumper et al. Plümper et al., 2019).

Overall, these broad categories are mainly distinguished
by how the intervention is implemented (randomization
vs. all other), and whether they produce quantitative ver-
sus qualitative results. Quantitative methods are well-
suited to isolating specific intervention effects, while
qualitative methods tend to be used to evaluate mecha-
nisms when direct (quantitative) observations of mecha-
nisms are lacking. However, quantitative methods can
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also be used to quantify mechanisms (e.g., Ferraro &
Hanauer, 2015; O'Garra et al., 2023).

All these categories comprise a range of different
approaches. In this paper, we provide more detail about
different quasi-experimental approaches (Section 2.3),
because these are well-suited to evaluate conservation
interventions and are likely to see wider application in
this field. Quasi-experiments can, under certain condi-
tions (see Sections 2.3 and 3.2), enable retrospective eval-
uation of existing interventions and prospective
evaluation of interventions in which randomization is
not feasible. Their flexibility makes them particularly
valuable in conservation, where randomization is often
impractical (see Section 3.2, Step 2B).

For qualitative attribution methods, a recent paper by
Zavaleta Cheek et al. (2023) provides a comprehensive
overview of the different approaches, with illustrative
examples; hence, we do not repeat this information here
and instead guide readers to that resource. For detailed
insights into variations in experimental designs, see
Duflo et al. (2007) and Glennerster and Takavara-
sha (2013).

We acknowledge that there may be other ways of
classifying methods; however, a review of classifications
used across different fields (Appendix S1) suggests our
classification aligns well with those reported in the
literature.

2.3 | Quasi-experimental methods

Table 1 summarizes key quasi-experimental methods for
conservation, focusing on commonly used methods in
conservation supported by an extensive body of knowl-
edge (e.g., journal papers, reports, and presentations)
that new evaluators can draw on. These include:
difference-in-differences (DID), matching, and synthetic
control method (SCM). We also include two promising
methods that are rarely used in conservation: Inter-
rupted Time Series (ITS), which is useful for analyzing
data from treated sites when there is no comparable
data from non-treated sites, and Regression Discontinu-
ity Design (RDD), applicable for interventions that are
implemented based on a threshold value of a continuous
variable (see Table 1 for examples and definitions of
each method).

Table 1 shows that each method varies mainly in
terms of how the counterfactual is constructed, the
underlying assumptions (“when to use”), and the types of
data used. In terms of data requirements, DID (a more
rigorous version of a before-after-control-impact design,
that accounts for confounders in selecting the controls),
SCM, and ITS all use longitudinal data (involving

repeated observations of the same variables from the
same sample over time), although the length of the
required time-series varies by method; DID only requires
pre-treatment observations to validate the ‘parallel
trends’ assumption (see Table 1 for definition), and oth-
erwise only needs a single pre-treatment (baseline) and
single post-treatment outcome observation to estimate
impact. SCM and ITS however need long pre- and post-
treatment time-series, although SCM requires multiple
non-treated units for creation of a comparison group,
whereas ITS can be used without any non-treated units
as long as the time-series is sufficiently long to establish
robust evidence of trends.

Each method also differs in how the comparison
group(s) (the counterfactual) is generated and the
assumptions underpinning this process. Matching
selects comparable treated and untreated units based on
observable confounders (i.e., confounders that can be
measured and controlled for). The matched untreated
units represent the counterfactual. DID involves com-
paring outcomes of treated and untreated units before
and after an intervention, based on the assumption that
trends in the outcomes of untreated units reflect what
the treated units would have experienced without the
intervention (i.e., the counterfactual). This is partly veri-
fied by checking parallel pre-treatment trends; DID con-
trols for unobservable confounders (i.e., which cannot
be measured or controlled for) that do not change over
time. SCM controls for all unobservable confounders,
including time-varying ones (Abadie et al., 2015), by
using longitudinal data to create a ‘synthetic control’
from weighted non-treated units that match the treated
units' pre-treatment trends. ITS uses long time-series
data with clear trends from intervention sites only to
generate counterfactuals by extrapolating from the pre-
treatment trend; this assumes the pre-treatment trend
would continue without an intervention. RDD generates
a counterfactual by assuming that treatment assignment
is effectively random for units (e.g., farm owner, house-
hold, and individual) just above and below the eligibility
cutoff (e.g., farm size, income, and years of ownership);
see Table 1.

Notably, each design has different assumptions for
causal inference, which determine the causal effect being
measured (known as the “estimand”) (Ferraro &
Hanauer, 2014). For example, RDD only estimates impact
for units close to an eligibility cutoff, so results are not
generalizable to units far from this cutoff, while an exper-
iment implemented among the general population pro-
duces estimates of average impact that are generalizable
over that population.

Although the various quasi-experimental methods are
presented separately in Table 1, they can be combined in
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many cases to enhance the validity and robustness of
causal inference by addressing the limitations inherent in
individual approaches. For example, DID is often com-
bined with matching (e.g., Andam et al., 2008; Devenish
et al., 2022) and has also been used in combination with
SCM (e.g., Arkhangelsky et al., 2021). Matching can be
combined with most of the other approaches
(e.g., Kellogg et al., 2019; Linden, 2018).

3 | INFORMED OPTIONS
DECISION FRAMEWORK

3.1 | Scope

Before using this framework to select an appropriate
impact evaluation method, users should have already
completed essential preliminary steps, such as ascertain-
ing the need for an evaluation, formulating a theory of
change, clearly specifying the evaluation questions, and
identifying outcomes and associated indicators (see Neu-
garten et al., 2025). Although it is essential to address
them early on, these preliminary steps may be revisited
as data availability and analytical methods are identified.

We also reiterate that, before embarking on any coun-
terfactual evaluation, the evaluator must carefully iden-
tify potential confounders (see Section 2.1) and obtain
baseline data on these confounders to control for their
effects.1

In establishing the starting point and focus of our
framework, we recognize that the primary concern for
our audience is likely to be whether their project makes a
difference. Additionally, budding evaluators might be
wondering how to best utilize the data they have already
collected to evaluate project efficacy. These two main
considerations set the scope for the framework presented
here, which is on methods that allow the user to assess
the impact of an intervention, while considering data
availability.

We acknowledge that evaluators may be interested in
addressing other questions such as: how does the inter-
vention impact different groups? What factors enhance/
diminish the impact of the intervention? What is the
effect size of different mechanisms2 on the outcomes?
Our proposed framework does not consider these addi-
tional questions, and interested readers can instead refer
to Ferraro et al. (2011) and Ferraro and Pressey (2015) for
studies of moderators and heterogeneity; O'Garra et al.
(2023), Wiik et al. (2020), Reimer and Haynie (2018), Fer-
raro and Hanauer (2015) for studies quantifying the
hypothesized mechanisms to impact; and for a technical
overview of heterogeneity in impact evaluation, see
Vivalt (2015).T
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3.2 | Decision framework

The informed options decision framework is divided into
multiple sections, outlined in Figure 2. The evaluator can
move through the framework sequentially; however, an
iterative approach will be more appropriate and useful in
most cases. The decision framework is organized around
broad questions that evaluators will need to consider—
relating to the study aims (broadly), the intervention,
data availability, sample sizes, and technical complexity
and effort. Details about each of these steps, and how to
move through them, are provided below (Steps 1–4).

3.2.1 | Step 1: broad methods

The decision process for determining which broad
method(s) might be suitable to evaluate a project is given
in Decision Matrix 1 (Table 2).

The first question asks whether the intervention has
already been implemented. Answering this, the user moves
to question 2, which asks whether randomization, or a ran-
domly staggered roll-out, is feasible. Next, the evaluator
must consider the study aims (question 3). The need for a
quantitative (statistical) estimate of effect size may depend
on the overarching goal of the study. For example, if the
goal is to assess whether to scale a small pilot, a broad
assessment of the direction of effect may suffice. Indeed,
small pilot studies typically lack statistical power to estimate
effect sizes (see Section 3.2, Step 3). If the goal, however, is
to identify the contribution of an initiative to quantitative
targets, then statistical effect sizes will be needed.

Notably, every cell in Decision Matrix 1 includes
quasi-experiments as an option. This is because many
quasi-experimental approaches have been developed to
accommodate different assumptions about how an inter-
vention is assigned and a wide range of data settings.
The decision process for identifying suitable quasi-
experimental methods is addressed in Step 2A of the
Decision Framework (Figure 2) using Decision Matrix
2 (Table 3). For evaluators who have selected experimen-
tal methods as an option, key questions to help move for-
ward are identified in Step 2B. For information to guide
the choice between different qualitative methods, see
Zavaleta Cheek et al. (2023), which outlines the process
for selecting between various qualitative attribution
methods.

3.2.2 | Step 2A: quasi-experimental methods

Decision Matrix 2 (Table 3) guides selection of suitable
quasi-experimental methods by focusing on key

questions about data availability for treatment and con-
trol units. Before proceeding, however, evaluators must
ensure that they have carefully identified all confounders
and collected suitable data to control for their effects (see
Section 2.1). This crucial step ensures that estimated
impacts can be causally attributed to the intervention,
not confounding factors. Additionally, evaluators must
identify the unit(s) of observation for their analysis.
While this is typically addressed during the preliminary
steps (outlined in Section 3.1), it is worth revisiting now.
Determining which units of observation can be measured
is important, as outcome data should be collected for
units that allow for valid conclusions relating to the goals
of the study. For example, if the evaluator is interested in
the effect of a village-level intervention on livelihoods,
then outcomes measured at the national level would not
be useful. Thus, when using Decision Matrix 2, evaluators
must consider not only what data is available, but at what
scale or level, ensuring it aligns with the study goals.

As shown, the available data determines which quasi-
experimental method can be used, if any. Long time-
series data covering both pre- and post-treatment time
periods for treated and non-treated units allow for the
widest range of methods. The key constraint in choosing
between methods is the availability of data for non-
treated sites. If long pre- and post-intervention time-
series data is only available from treated sites, then ITS is
the only possible method. If the evaluator only has lim-
ited time-series data or only single observations from
treated sites, they are advised to revisit Step 1 (Figure 2)
and use Decision Matrix 1 (Table 2) to explore possible
alternative methods.

If only post-intervention outcome data is available,
then the evaluator could use RDD for interventions
involving assignment using cutoffs, or they might be able
to use matching. In both cases, any assessment of impact
will be cross-sectional (“single differences”).

If there are multiple outcomes of interest, and/or dif-
ferent data on outcomes, then the evaluator must con-
sider one outcome (and/or dataset) at a time, and work
through this matrix several times. This may result in dif-
ferent options for evaluating impact for different
outcomes.

Having worked through Decision Matrix 2, the evalu-
ator may now face a variety of choices. If no quasi-
experimental options are possible, they are advised to
revisit Step 1 of the Decision Framework (Figure 2) and,
using Decision Matrix 1, identify whether and how they
can adjust their choices. On the other hand, if the evalua-
tor has identified one or more possible quasi-
experimental methods that they can use, they should pro-
ceed to Step 3 to assess the sample size needed for their
study.
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3.2.3 | Step 2B: experimental feasibility

If the evaluator has identified experiments as a possible
option in Step 1 (Figure 2) using Decision Matrix
1 (Table 2), they must consider several factors to deter-
mine whether an experiment is feasible:

1. Unit of randomization—this describes the entity
allocated randomly to treatment or control in an
experiment. It must be selected by the experi-
menter and may differ from the unit to which the
treatment or intervention is applied, resulting in a
cluster RCT (e.g., Grillos et al., 2019). For
instance, if an intervention targets households,
but randomization occurs at the village level, all
households within a village will either receive the
intervention or not, based on the random
assignment of villages to treatment or control
groups.

Experimenters must consider the following when
determining a randomization unit:

• Sample size and expected effect size: randomizing
interventions over smaller units (e.g., households) will
often provide a larger potential sample size compared
to larger units (e.g., villages). Larger sample sizes
enhance the power to statistically detect true effects;
conversely, larger (expected) effect sizes require smal-
ler samples to detect true effects. Hence, the randomi-
zation unit should be chosen to secure a sufficient
sample size to estimate an effect. Considerations about
sample size and expected effect sizes are critical for all
quantitative counterfactual methods; we cover this in
detail in Step 3.

• Spillover effects: these occur when the impact of an
intervention extends beyond the group targeted by the
intervention, violating the Stable Unit Treatment
Value Assumption—which holds that outcomes for

STEP 1: Select among
broad methods using

Decision Matrix 1 (Table 2)

STEP 2B: Assess feasibility
of an experiment (consider:
randomisation unit, ethics,

timescale, compliance) 

STEP 2A: Assess feasibility
of quasi-experimental

methods using Decision
Matrix 2 (Table 3)

Step 2C: Assess feasibility of
qualitative counterfactual
attribution methods. Go
to Zavaleta Cheek (2021)

STEP 3: Determine
sample size needed to

detect an effect

STEP 4: Assess
operational & logistical

feasibility (reality check)

Pre-check: Confounders are
identified & controllable 

Pre-check: Confounders are
identified & controllable 

FIGURE 2 Flow diagram showing informed options decisions framework. Step 1 helps evaluators understand whether they can

implement experimental, quasi-experimental, and/or qualitative methods for their study with help from Decision Matrix 1 (Table 2).

Depending on the broad method(s) selected in Step 1, evaluators can then move to one or multiple of Steps 2A, 2B, and/or 2C. Step 2A

presents Decision Matrix 2 (Table 3) which has key information needed to assist with the selection of appropriate quasi-experimental

methods (if any); Step 2B guides evaluators in identifying the feasibility of experimental methods. For Step 2C, evaluators must use Zavaleta

Cheek et al. (2023) to assess the feasibility of qualitative methods. Sampling and sample size considerations are considered in Step

3, followed by advice about how to proceed given different technical demands of the various methods, costs, and other considerations (Step

4). Dashed arrows from each step indicate that the reader must return to Step 1 if no feasible method is found at that step.
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any unit depend only on whether it received treatment,
and not on the treatment status of other units (Kimmel
et al., 2021; Rubin, 1980). This can lead to biased results,
so it is important to set up experiments that minimize
spillover effects. Randomization strategies should thus
avoid including intervention units that are close to each
other, or that interact in any way, as these are more
likely to suffer from spillover. For more details, see Fer-
raro et al. (2019) or Pynegar et al. (2025). Spillover
effects can affect all counterfactual methods; hence,
they are discussed in more detail in Step 3.

• Evaluation-driven effects: awareness of being in an experi-
ment can alter participants' behavior; this can affect the
treatment group (Hawthorne effect) and/or the control
group (John Henry effect) (Duflo et al., 2008; Peters
et al., 2018). For instance, in a randomized payment-based
scheme within a community, individuals in the control
group might change behavior due to resentment, while
those receiving treatment might respond positively simply
because they were chosen for treatment. Evaluation-
driven effects are largely unstudied in conservation, except

for Martin et al. (2014) who found that 44% of control
respondents reported changing their behavior in anticipa-
tion of future program participation. However, such effects
have been frequently found in development and agricul-
tural studies (e.g., Bulte et al., 2014; Treurniet, 2023;
Zwane et al., 2011). If it is not possible to randomize an
intervention without alerting participants to their involve-
ment, for ethical or other reasons, then transparent ran-
domization procedures can reduce bias associated with
these effects (Aldashev et al., 2017).

2. Ethics: are there unresolvable ethical issues associated
with potential randomization of the intervention? The
ethics of randomizing access to a program have been
much discussed, with issues including risks of partici-
pants being instrumentalized by evaluators, ability of all
participants to provide informed consent, equipoise (that
evaluators should be genuinely unsure as to which of the
treatment arms is likely better), and cultural inappropri-
ateness of randomization in some contexts (Fives
et al., 2013). For example, randomizing payment-type

TABLE 2 Decision Matrix 1 for choosing among broad approaches (Step 1 in Figure 2).

Decision Matrix 1 

1. Has the intervention already been implemented? 

NO YES 
2. Can you randomize 
or randomly stagger 

roll-out?
YES NO n/a 

3. Study 
aims to 
evaluate…

..effect of an intervention 
(statistical effect size not 

needed) 
All methods possible 

Quasi-experimental
Qualitative 

Quasi-experimental
Qualitative

..effect of an intervention
AND statistical effect size 

Experimental
Quasi-experimental Quasi-experimental Quasi-experimental

TABLE 3 Decision Matrix 2 for choosing among quasi‐experimental methods (Step 2A in Figure 2).

Decision Matrix 2 

1. What outcome data do you have and/or can you get? 

Pre- & post- 
intervention time 

series 

Pre- & post-intervention 
data (single observation 

or time-series) 

Post-intervention data 
only (single observation 

or time-series) 

2. You have 
this data 
for…

Treated & 
non-treated 
sites 

All methods 
possible 

Matching 
Difference-in-differences1

Regression discontinuity2

Matching (single 
difference analysis) 

Regression discontinuity2

Treated  
sites only 

Interrupted time    
series 

No methods possible 
(revisit Step 1: Decision 

Matrix 1)

No methods possible 
(revisit Step 1: Decision 

Matrix 1)
1DID typically requires multiple pre‐intervention observations to validate the ‘parallel trends’ assumption. However, there are ways of making this
assumption more credible, including combining DID with matching (Mackenzie 2023).
2Can only use RDD if treatment is assigned according to a threshold value for an eligibility variable (see Table 1).
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interventions among households within a community
could lead to internal conflict if control-group households
are unhappy that their allocation to the control group
means that they do not receive the payment in question.
If there is no way of resolving such issues to the satisfac-
tion of potential participants, with them granting free,
prior, and informed consent, then the evaluator should
not proceed with the experimental approach.

3. Timescale of intervention: many processes of change
are slow, and the amount of time that passes between
the intervention implementation and the expected end-
line data collection must be realistic to detect changes.
Evaluators therefore must assess whether they can run
the experiment over the required time needed to detect
a change. Relatedly, denying the control group the
intervention for a long period of time may call into
question the ethics of the experiment (see point 2).

4. Risk of noncompliance: evaluators must consider whether
it is possible that experimental participants will not partici-
pate as intended in the experiment, either through not fol-
lowing through and dropping out of the experiment, or
doing the opposite of what the intervention prescribes.
There are several reasons why this may happen, including
long timescales leading to frustration (see 3 above) and
spillover- or evaluation-driven effects (see 1 above).
Regardless, noncompliance leads to both reduced effective
sample size and can reintroduce systematic differences
between experimental and control groups if certain types
of participants are more likely to not comply. Evaluators
must therefore allow for the possibility of noncompliance
when calculating sample sizes and, if it is substantial, con-
sider whether additional analytical approaches may be
needed to ensure it is not reintroducing bias (e.g., Bell
et al., 2013;Molina-Mill�an &Macours, 2025).

The evaluator will have to carefully consider all these
questions to assess the feasibility of an experimental
approach. If they cannot identify a suitable randomiza-
tion unit, and/or cannot proceed with an experimental
approach due to ethical reasons, timeframe constraints,
and/or noncompliance issues, they must consider other
approaches, such as quasi-experimental designs (return
to Decision Matrix 2) or qualitative designs (Zavaleta
Cheek et al., 2023). If randomization is feasible, then they
are advised to proceed to Step 3 to assess the minimum
sample size needed for the study.

3.2.4 | Step 3: sample size determination

How many treatment and control units are available to
use in your study? This is mainly determined by the pop-
ulation of available treatment and control units but can

be constrained if spillover effects are present. These
occur when the impact of an intervention extends
beyond the immediate target group receiving the inter-
vention, violating the Stable Unit Treatment Value
Assumption, defined above (Kimmel et al., 2021;
Rubin, 1980). Spillover effects can be biophysical
(e.g., species movements from protected to unprotected
areas) or socially mediated (e.g., communication
between treated and untreated groups), and they can be
positive or negative. For example, a Marine Protected
Area may lead to increased fish populations migrating
into adjacent areas (a positive spillover) but might also
lead to displaced fishing effort (a negative spillover). If
spillover effects are present and not accounted for, then
estimates of the causal effect of an intervention will be
biased. To manage spillover effects, researchers often
exclude potential control units that lie within a certain
distance (a buffer) of treatment sites. Spillover effects
may vary in magnitude across the landscape (Robalino
et al., 2017), meaning that larger buffers around treat-
ment units are more likely to ensure that spillover
effects do not bias the evaluation. However, extending
the buffer reduces the pool of potential control units for
the evaluation.

Having identified a suitable sampling frame, the eval-
uator may now ask: are there enough treatment and con-
trol units to detect a treatment effect if it exists? How big
does the sample need to be to statistically identify a true
effect? To answer these questions, a power analysis must
be conducted to identify the minimum sample size
needed. Underpowered studies can lead to false conclu-
sions, such as finding an intervention has no effect, when
in fact it does. Larger sample sizes improve the accuracy
and power of the study but require more time, expense,
and effort. Thus, identifying the minimum sample size
needed to detect a true effect is crucial.

While current software simplifies power analysis,
selecting the right parameters and sampling approach can
be complex and require advanced technical skills, espe-
cially with clustered interventions. Clustering is common
in conservation studies, where observation units are
nested within treatment units (e.g., land-use pixels within
Protected Areas or villages within conservation projects).
We strongly advise new evaluators to consult or collabo-
rate with experts in power analysis. However, to exemplify
how a power analysis works, we present an example based
on the simplest possible type of impact evaluation—a bal-
anced experimental design (found in Appendix S2).
Although this example provides an intuitive understand-
ing of how power analysis works, most conservation stud-
ies will not be so simple, and power analysis will be more
complex. For additional information on sample size calcu-
lations, we suggest Gupta et al. (2022).
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3.2.5 | Step 4: reality check (operational and
logistical feasibility)

If the evaluator has reached this Step of the framework,
they have likely selected a suitable method to evaluate
the project, identified a minimum sample size (for the
quantitative approaches), and are nearly ready to imple-
ment the intervention or collect data. At this stage, they
must do a ‘reality check’ and ask:

� What kinds of decisions will be informed by this counter-
factual evaluation?

This question should be considered as a preliminary
step, but is also crucial to confirm now. Key questions
include: is there insufficient evidence about the inter-
vention's effect? Is the intervention high risk—meaning,
could failure or unintended consequences have serious
impacts on people, biodiversity, or both? Can the inter-
vention be scaled up to other contexts or locations?
Would results of this evaluation be useful for other pro-
jects (i.e., are the findings generalizable)? Is the inter-
vention large in spatial scale or budget? Finally, is
evidence of additionality required, such as in the case
of carbon offsets? Positive answers suggest a counterfac-
tual impact evaluation is useful and perhaps even
necessary.

� Do we have the technical expertise needed, and/or can
we access it?

Many conservation organizations face budget con-
straints for both programmatic efforts and evaluation
mechanisms (Kleiman et al., 2000). Limited in-house
technical capacity may require collaboration with
experts, such as university researchers, students, or spe-
cialized consultants.

� Can we afford it?

Impact evaluation costs vary based on program size,
study design, effect size, sample size, and outcomes of
interest. The cost of quasi-experimental and qualitative
studies essentially corresponds to the salaries of
researchers, although data collection costs can still rep-
resent a substantial portion. In contrast, randomized tri-
als require at least two rounds of data collection in the
field.

If the reality check fails, it is worth considering if the
chosen approach can be tweaked or if a different
approach is possible (i.e., revisit Decision Matrix 1),
before ruling out rigorous impact evaluation for the cur-
rent project.

4 | ILLUSTRATIVE EXAMPLE

Here we present an illustrative example of how the
decision framework can be used, as applied to a hypo-
thetical case study, with two additional examples in
Appendix S3. The first of the additional examples
involves a real-world application with Conservation X
Labs, n.d. (https://conservationxlabs.com/), which is
assessing methods to evaluate the impact of their AI-
enabled camera traps on various outcomes, such as
response time for invasive species detection and
removal. The second focuses on a hypothetical
payment-for-ecosystem-services program for forest con-
servation. These examples highlight how the framework
can be applied in both hypothetical and real-world sce-
narios, demonstrating its practical utility and potential
to guide effective conservation practice.

4.1 | Community-based marine
management example

In this example, an impact evaluation of an existing
community-based marine management initiative is being
undertaken. The initiative has been operational for five
years in 150 municipalities in a tropical region, and the pur-
pose of the evaluation is to generate rigorous evidence of
changes (if any) in fish biomass. The evaluator has already
completed the preliminary steps that precede any impact
evaluation, including generating a theory of change and
identifying the evaluation question, potential outcomes,
and indicators. At this stage, she is faced with the question
of which methods are appropriate for this evaluation.

Starting at Step 1 of the Decision Framework (see
Figure 2), the evaluator identifies that a quasi-
experimental approach is the only option because:
(i) the intervention has already been implemented,
(ii) project funders have requested a quantitative esti-
mate of impact on average fish biomass at the municipal
level (Figure 3).

The evaluator then turns to Step 2A of the Decision
Framework to identify possible quasi-experimental
approach(es) to use. Before proceeding, she ensures that
she has identified the treatment assignment mechanism
and all potential confounders from experts, team members
and the literature, and has sourced suitable baseline data
for these covariates (see Section 2.1). Using Decision
Matrix 2, the evaluator notes that fish biomass data has
been collected from intervention sites (municipal waters)
since the beginning of the intervention, but there is no
time-series data prior to the intervention, only a single
baseline observation. This existing data can be broadly cat-
egorized as “pre-intervention single observation & post-

12 of 18 O'GARRA ET AL.

https://conservationxlabs.com/


intervention single observation or time-series” in Decision
Matrix 2 (see Figure 3). However, this data is available for
“treated sites only” (question 2 in Decision Matrix 2), so
no options are possible with this data. This reflects a com-
mon challenge in conservation: substantial effort is often
invested in data collection without consideration of evalu-
ation needs, resulting in data that cannot support mean-
ingful analysis.

The evaluator however realizes there is national time-
series fish catch data at the municipal level spanning
10 years before and 5 years after the intervention, which
could be a potential proxy for fish biomass. After discuss-
ing this option with the project team and gaining consen-
sus, the evaluator revisits Decision Matrix 2, confirming
that this data could be used to estimate impact using all
possible quasi-experimental methods.

Decision Matrix 1: selecting among broad approaches

STEP 2A: using Decision Matrix 2 to select quasi-experimental methods – first pass 

Decision Matrix 2

1. What outcome data do you have and/or can you get?

Pre- & post-
intervention time 

series

Pre- & post-intervention 
data (single observation 

or time-series)

Post-intervention data 
only (single observation 

or time-series)

2. You have 
this data 
for…

Treated & 
non-treated 
sites

All methods
possible

Matching
Difference-in-differences
Regression discontinuity

Matching (single 
difference analysis)

Regression discontinuity

Treated 
sites only

Interrupted time    
series

No methods possible
(revisit Step 1: Decision 

Matrix 1)

No methods possible
(revisit Step 1: Decision 

Matrix 1)

STEP 2A: using Decision Matrix 2 to select quasi-experimental methods - second pass 

Decision Matrix 2

1. What outcome data do you have and/or can you get?

Pre- & post-
intervention time 

series

Pre- & post-intervention 
data (single observation 

or time-series)

Post-intervention data 
only (single observation 

or time-series)

2. You have 
this data 
for…

Treated & 
non-treated 
sites

All methods
possible

Matching
Difference-in-differences
Regression discontinuity

Matching (single 
difference analysis)

Regression discontinuity

Treated 
sites only

Interrupted time    
series

No methods possible
(revisit Step 1: Decision 

Matrix 1)

No methods possible
(revisit Step 1: Decision 

Matrix 1)

Decision Matrix 1

1. Has the intervention already been implemented?

NO YES
2. Can you randomize 
or randomly stagger 

roll-out?
YES NO n/a

3. Study 
aims to 
evaluate…

..effect of an intervention 
(statistical effect size not 

needed)
All methods possible

Quasi-experimental
Qualitative

Quasi-experimental
Qualitative

..effect of an intervention
AND statistical effect size

Experimental
Quasi-experimental Quasi-experimental Quasi-experimental

Step 1: evaluator uses 
Decision Matrix 1 to 
select among broad 
approaches to evaluate 
community-based marine 
management project. 
Only quasi-experimental 
methods are possible 
given the intervention 
timing and project goals.

Step 2A: evaluator uses 
Decision Matrix 2 to 
assess whether quasi-
experimental approaches 
are feasible to evaluate 
the project's impact on 
fish biomass. In this first 
pass, she considers 
outcome data on fish 
biomass collected only at 
treated sites since the 
intervention began. 
Based on this data, no 
quasi-experimental 
methods are applicable.

Step 2A: evaluator 
revisits Decision Matrix 2 
– in this second pass, she 
considers time-series fish 
catch data collected at 
treated and non-treated 
sites, which she will use 
as a proxy for fish 
biomass (the outcome of 
interest). She can use all 
methods with this data.

FIGURE 3 Illustrating use of Decision Matrix 1 and 2 to select counterfactual methods to evaluate a community-based marine

management project. Blue shaded cells indicate options selected by evaluator after answering questions. Textboxes on the right explain how

the evaluator navigated the decision matrices, iterating twice over Decision Matrix 2 for different outcome data.
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Proceeding to Step 3, the evaluator engages a researcher
specializing in counterfactual methods to assess the mini-
mum sample size required to statistically detect an effect of
the intervention. Since the intervention is applied at the
municipal (water) level, municipalities are the primary unit
of analysis. A power analysis suggests that a minimum sam-
ple size of n = 284 (142 intervention and 142 control sites)
is necessary to detect an existing effect. Government records
indicate there are approximately 800 coastal municipalities
in the region (including the 160 intervention sites); this
should be sufficient for selecting suitable control sites that
can represent the counterfactual.

Finally, in (Step 4), the evaluator formalizes the col-
laboration with the researcher who can provide the tech-
nical expertise needed for the evaluation and can provide
capacity-building for future evaluation. The evaluator
also confirms she has the budget to cover labor and soft-
ware costs, so she decides to proceed with implementing
the counterfactual impact evaluation. As a final note,
given that the data allows any quasi-experimental
approach to be used, the evaluation team consults
Table 1 and decides to implement DID as it is more intui-
tive for partners and other stakeholders. Before proceed-
ing, they check whether fish catch data at intervention
and non-intervention sites follow parallel trends prior to
the intervention; this is needed for use of DID (see
Table 1). They confirm that the pre-intervention trends
are parallel and proceed with DID.

5 | LOOKING AHEAD

As awareness about the importance of evidence-based
decision-making in conservation is increasing (e.g., Pullin &
Knight, 2003), so is the demand for robust causal methods
to generate this evidence (Ferraro, 2009; Miteva
et al., 2012). Our aim here is to support this transformation
by presenting practical guidance for conservation practi-
tioners, researchers, and funders seeking to integrate coun-
terfactual impact evaluation methods into their work. The
aim is to help budding evaluators assess the feasibility of
different impact evaluation approaches for specific projects.
It also aims to outline the requirements for conducting
impact evaluations, encouraging the integration of these
considerations into future project planning.

While we provide guidance on method selection,
detailed implementation procedures are outside the scope
of this paper. Implementation will require differing levels
of technical skill, depending on the method used, as well
as a deep understanding of the intervention that is being
evaluated. Many of the decisions and assumptions made
when using this framework will need to be revisited,
including considerations about: unobservable

confounders and their relative effect(s) on treatment
assignment; potential spillover effects and how to miti-
gate these; timescales for identifying intervention effects;
analytical methods for clustered and/or time-series data.

Looking ahead, the expectation is that counterfactual
methods will be integrated into conservation practice,
guiding project design and implementation—particularly
for interventions that are: unproven, high stakes, expen-
sive, large in geographic scope, and/or which require evi-
dence of additionality (Neugarten et al., 2025). This may
require restructuring the traditional conservation project
cycle, where evaluation becomes a seamless part of pro-
ject design and implementation rather than a separate
phase. This integration is expected to become easier with
advancements in geospatial data collection, bolstered by
AI and machine learning. Achieving this integration also
depends on positive incentives for impact evaluations
(Asquith, 2020) and embracing a “safe to fail culture” in
conservation (Catalano et al., 2018, 2019). Funders play a
crucial role by ensuring long-term funding for implemen-
ters who use evaluation evidence in decision-making.
Together, these efforts will be critical in promoting
evidence-based practices in conservation that benefit
both biodiversity and people.
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ENDNOTES
1 Although identifying and controlling for confounders is not essen-
tial for the canonical versions of some of the methods presented
here (e.g., RCTs, RDD, and SCM), in practice they are highly
recommended (Abadie & Vives-i-Bastida, 2022; Cattaneo
et al., 2023) as they help to reduce the standard error (hence
increase power, see Section 3, Part 3) and reduce bias (Schaffer
et al., 2021). For some methods (specifically, RDD, see Table 1),
however, the current recommendation—which we subscribe to
with respect to all methods used—is to present estimates of
impact with and without adjusting for covariates side by side
(Cattaneo et al., 2023).

2 The counterfactual methods presented here can be used to iden-
tify the effect of specific mechanisms in the causal chain; in this
case, the mechanism under study can be considered the “inter-
vention”. However, these methods are not in themselves suffi-
cient to fully analyze entire causal chains (Ferraro &
Hanauer, 2014).
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